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Climate change and land degradation, which is defined as the decline in the 
productive capacity of the land, have profound implications for resource-based livelihoods 
and food security. In this dissertation, I use remote sensing to improve understanding of 
how climate variability affects the productivity of global pasturelands and to quantify the 
spatial and temporal patterns of land degradation in the Southern Cone region (SCR) of 
South America. In the first chapter, I characterize the sensitivity of global pastureland 
productivity to climate variability by analyzing the relationship between MODIS enhanced 
vegetation index and gridded precipitation data. Results show that pasturelands are least 
capable of withstanding precipitation deficits in Australia, while pasturelands in Latin 
America recover more slowly after drought compared to other regions. In the second 
chapter, I use Landsat observations to measure the magnitude, geography, and rate of 
change in the amount of bare ground, herbaceous and woody vegetation in the SCR since 
1999. Paraguay experienced the highest proportional increase in herbaceous cover as a 
 
 viii 
result of agricultural expansion and intensification, while Uruguay experienced the highest 
proportional increase in woody cover as a result of afforestation. Argentina, the largest and 
most heterogeneous country in the SCR, experienced widespread land cover changes from 
deforestation, reforestation, afforestation, and desertification, each of which varied in 
extent and magnitude by ecoregion. In the third chapter, I assess patterns of land 
degradation in the SCR using the United Nations Sustainable Development framework. 
My results show that 67.5% of the SCR experienced changes in land cover properties in 
the 21st century, with widespread improvement (i.e., increased productive capacity), along 
with substantial hotspots of degradation caused by expansion of agriculture and systematic 
decreases in precipitation. Monitoring degradation is necessary to assess ecosystem 
services, ensure food security, and develop land use policies designed to increase the 
resilience of land systems to the joint stresses imposed by climate change and a growing 
global population. The methods, datasets, and results from this dissertation provide an 
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CHAPTER 1: Introduction 
1.1 Overview and context 
Climate change and land degradation, which is defined as the decline in the 
productive capacity of the land, represent two of the most important global environmental 
challenges because they have profound implications for resource-based livelihoods and 
global food security. These two processes act individually and also in combination. For 
example, climate change can accelerate land degradation by increasing the frequency and 
intensity of rainfall, heat stress, droughts, floods, and fires (Webb et al., 2017; Olsson et 
al., 2019). On the other hand, land degradation acts as a driver of climate change by 
increasing the rate of release of carbon from soil and permafrost, and by reducing the land 
carbon sink as a result of land conversion (Olsson et al., 2019). Hence, climate change and 
land degradation act in a positive feedback loop, influencing each other’s magnitude and 
direction (Webb et al., 2017; Olsson et al., 2019).  
Understanding and addressing land degradation processes is especially important 
in arid and semi-arid regions, where ecosystem services are both vulnerable to climate 
change and actively managed to support agriculture and livestock (Asner et al., 2004; 
Stanimirova et al., 2019; Stanimirova & Garrett, 2020; Wang et al., 2012). Combating land 
degradation is therefore integral to adaptation planning for the agriculture and livestock 
sectors because degradation can increase the sensitivity and reduce the resilience and 
resistance of these socio-ecological systems to climate impacts (Gisladottir & Stocking 
2005; Olsson et al., 2019, Stanimirova et al., 2019). Unless land degradation, which is 




livelihoods of agricultural producers will likely be pushed further toward the limit of their 
viability as a result of projected precipitation deficits and rising temperatures (Webb et al., 
2017). In the short term, there is a need to better understand the factors that control land 
degradation in order to ensure the sustainability of landscapes that are already at high risk 
of irreversible degradation (Herrick et al., 2013).   
Quantifying the susceptibility of arid and semi-arid regions to climate variability 
and land degradation is critical for anticipating loss of productive land and for monitoring 
regions that are vulnerable to desertification and woody encroachment. However, modeling 
the response of ecosystems to climate variation, for example, is challenging because many 
such ecosystems are actively managed by humans at multiple spatial and temporal scales 
(Stanimirova & Garrett, 2020). As a result, the interacting dynamics of climate variability, 
land degradation, and management shape the demand and provision of ecosystems services 
(Briske et al., 2003; Fuhlendorf et al., 2001). This dissertation seeks to improve 
understanding of how climate variability affects the productivity of pasturelands, and more 
generally, to quantify the spatial and temporal patterns of land degradation using remotely 
sensed observations of land cover and land use change (LCLUC) in combination with 
meteorological datasets. The aim is to produce state-of-the-art maps of climate sensitivity 
and land degradation, to improve understanding of the environmental and human drivers 
behind these processes, and to provide better information for policy-makers, agricultural 
resource managers, and agronomic researchers tasked with sustaining the livelihoods of 




1.2 Climate Sensitivity 
In the coming decades, the response of ecosystem processes to changes in the 
frequency and intensity of drought are likely to be exacerbated by rising temperatures 
(Polley et al., 2017; Huang et. al., 2016). Recent studies suggest that up to 66% of global 
land areas are experiencing drying, and precipitation events in arid and semi-arid regions 
are forecast to become shorter, less frequent, and less widespread (Huang et. al., 2016; 
Reeves et al., 2014). A warmer and drier climate will ultimately result in decreased 
productivity and directional shifts in the cover and composition of plant communities 
(Polley et al., 2017). If realized, these changes pose a significant threat to the sustainability 
of landscapes, especially in arid and semi-arid regions.  
Grazing lands (pasturelands and rangelands), which occupy approximately 26% of 
Earth’s land (excluding Antarctica) and 65% of global arid and semi-arid regions, are 
sensitive to climate variability with near-term precipitation being the dominant climatic 
control and antecedent precipitation being secondary (Knapp & Smith 2001; Sala et al., 
2012; Wu et al., 2015; Asner et al., 2004; Gaitán et al., 2014). As a result, the timing and 
amount of precipitation in grazing lands are key factors that limit soil moisture availability 
and annual vegetation productivity, and subsequently constrain grazing livestock density 
(Sala et al., 2012; Wilcox et al., 2017; Sloat et al., 2018). In addition to climate variability, 
vegetation dynamics and productivity in grazing lands are also driven by livestock density 
(Gaitán et al., 2014; Sala et al., 2012; Wilcox et al., 2017; Ellis & Swift, 1988; Briske et 
al., 2003). Specifically, while grazing primarily affects the long-term structure and 




production and forage availability (Ellis & Swift, 1988; Briske et al., 2003; Fernandez-
Gimenez & Allen-Diaz, 1999). In many regions of the world, continuous, unconstrained 
grazing (i.e., overgrazing) on lands with already poor soils or in climates with long dry 
seasons has led to degradation caused by decreased water infiltration and surface organic 
material, which leads to loss of soil structure, nutrients, and water availability, and 
encroachment by invasive species (King & Hobbs, 2006; Perkins & Thomas, 1993).  
1.3 Land cover and land use change 
In addition to climate variability, LCLUC have also been major drivers of land 
degradation by modifying the Earth’s ecosystem processes, including the global carbon 
cycle (Gray et al., 2014; Tagesson et al., 2020), water cycle (Bosmans et al., 2017) and 
surface energy balance (Duveiller et al., 2018). In particular, South America has been an 
epicenter of LCLUC in the 21st century due to rapid agricultural expansion (Graesser et al., 
2015). Loss of both stored carbon and biodiversity caused by conversion of the Amazon 
forest to commodity agriculture and grazing lands has been the focus of extensive research 
and media attention for over two decades (Barona et al., 2010; Galford et al., 2008; Macedo 
et al., 2012; Morton et al., 2006; Rudorff et al., 2011; Spera et al., 2014). In this dissertation, 
I focus on a new and emerging frontier of LCLUC-driven land degradation: The Southern 
Cone of South America. Agriculturally-driven deforestation in the Dry Chaco Forest of 
western Paraguay and northern Argentina has led to extensive loss of natural land cover 
(Graesser et al., 2015; Fehlenberg et al., 2017; Gasparri & Grau, 2009; Gasparri et al., 
2013; Grau et al., 2005; Vallejos et al., 2015). Moreover, substantial evidence suggests that 




desertification and woody encroachment (Verón & Paruelo, 2010; McConnel et al., 2007; 
Verón et al., 2018; Anadon et al., 2014; González-Roglich et al., 2015; Bernardi et al., 
2016).  
However, most land cover change studies of South America tend to focus on abrupt 
landscape transitions (i.e., deforestation) and as a result are not suitable for studying 
degradation processes that occur more gradually within land cover classes (i.e., forest 
degradation). To this end, time series of continuous estimates of vegetation cover and bare 
surfaces provide more refined and nuanced depictions of complex landscapes and land use, 
potentially enabling better implementation of international program goals such as Land 
Degradation Neutrality, which was adopted as part of the United Nations Convention to 
Combat Desertification’s (UNCCD) Sustainable Development Goals (SDGs). 
1.4 Land Degradation  
Climate variability and LCLUC can decrease the health, productivity, and 
resilience of land systems and the livelihoods of those who depend on them (Cowie et al., 
2018; ELD Initiative 2015). Specifically, land degradation occurs on over a quarter of the 
Earth’s ice-free land area and adversely affects the livelihoods of approximately 1.3 to 3.2 
billion people (Bai et al., 2008; Barbier & Hochard, 2016, 2018; Webb et al., 2017; ELD 
Initiative 2015; Olsson et al., 2019). Degradation is a widespread problem, but because it 
is complex there are key uncertainties regarding its extent, severity, and rate of change 
(Gibbs & Salmon, 2015). Although it’s challenging to measure degradation objectively and 
consistently over large areas, degradation is recognized as an important global 




context of the United Nations Sustainable Development Goals (SDGs). As part of the 
“2030 Agenda for Sustainable Development,” a central objective of SDG 15 is to “combat 
desertification, and halt and reverse land degradation.” Improved understanding of the 
processes that lead to degradation is required in order to meet SDG 15, progress towards 
meeting this goal is assessed based on the “proportion of land that is degraded over total 
land area” (Cowie et al., 2018; González-Roglich et al., 2019).  
Arid and semi-arid ecosystems are especially vulnerable to degradation due to 
multiple biophysical and social stressors that exert pressure at different temporal and 
spatial scales, including climate change, land use, economic and institutional factors, 
national policies, and population growth (Reynolds et al., 2007; Geist & Lambin, 2004). 
Arid and semi-arid systems make up approximately 55% of my study region in the 
Southern Cone of South America and according to a recent study, they have experienced a 
20% decrease in land productivity, a proxy for land degradation, over the last two decades 
(Teich et al., 2019). Arid and semi-arid ecosystems in South America have been shown to 
lack resilience to climate variability because low levels of plant density in these regions 
limit the landscape’s ability to recover from loss of vegetation associated with drought 
(Gaitán et al., 2014; Yahdjian & Sala, 2006; Stanimirova et al., 2019). Moreover, due to 
increased aridity and enhanced warming, there is an increased risk of land degradation and 
desertification in the near future (Huang et al., 2016). As a result, understanding land 
change and degradation in this region has become central to meeting global targets such as 




1.4 Terminology   
I use satellite-derived metrics to map land cover, land cover change, and land 
degradation (Table 1.1). In this context, it’s important to note that the definition of each of 
these terms, and especially degradation, is inconsistent and often unclear in the literature 
(Gibbs & Salmon, 2015; Willemen et al., 2020). This is especially true in the remote 
sensing literature focused on degradation because remote sensing provides indirect 
measurements of processes that are complex and that impact land surface properties in 
multiple ways. As a result, there exists disagreement among studies and organizations on 
how land degradation is measured, how bias and uncertainty are reported, how data are 
sampled, and how results are validated (Gibbs & Salmon, 2015; Willemen et al., 2020). To 
overcome these obstacles, there is a need for top-down satellite-based analyses to be 
integrated with bottom-up assessments of change and for terminology to be co-produced 
by researchers and practitioners.  
In this dissertation, my use of terminology is consistent with usage defined by the 
United Nations Convention to Combat Desertification (UNCCD). Specifically, land 
degradation is defined in terms of loss of ecological productivity – generally due to a 
transition from natural or semi-natural systems to a monoculture (e.g., soybeans, pine) or 
by overall reduction in vegetation cover (Table 1.1). Conversely, land improvement is 
defined as a change in land condition that leads to an increase in ecological productivity. 
Table 1.1 also provides definitions for remotely sensed indicators of land degradation and 









“Any reduction or loss in the biological and economic productive 
capacity of the land resource base” that is “caused by human 








“Land degradation in arid, semi-arid and dry sub-humid areas 
resulting from various factors, including climatic variations and 
human activities.” 
Satellite-based definitions (González-Roglich et al., 2019 and this study) 
Degraded Areas with statistically significant negative trends in vegetation 
index or change in land cover that leads to decline in ecosystem 
health. 
Degrading Areas with no statistically significant trends in vegetation index 
but identified as declining by vegetation index state or 
performance or by fractional cover of bare ground, woody and 
herbaceous vegetation.  
Stable Areas with no statistically significant trends in vegetation index 
and no change in land cover.  
Improving Areas with no statistically significant trends in vegetation index 
but identified as improving by vegetation index state or 
performance or by fractional cover of bare ground, woody and 
herbaceous vegetation. 
Improved  Areas with statistically significant positive trends in vegetation 
index or change in land cover that leads to improvement in 
ecosystem health. 
 
1.5 Role of remote sensing  




information that can be used to map biophysical attributes (e.g., vegetation cover and 
productivity) and to track LCLUC at landscape scales (Hunt et al., 2003). Continuous and 
frequent satellite observations of the state of vegetation over broad spatial scales provide 
highly valuable data for ecosystem monitoring that would be difficult or impossible to 
collect in the field, and that complement field-based observations. Land degradation has 
been monitored for decades using ecological indicators such as vegetation indices derived 
from time series of satellite imagery (Archer 2004; Evans & Geerken, 2004; Herrmann et 
al., 2005; Washington-Allen et al., 2006). However, these methods do not explicitly link 
ecological change to LCLUC processes, and tend to be case-study specific. For example, 
by accounting only for land cover change as opposed to more subtle and gradual changes 
in vegetation composition over time, the current SDG degradation framework does not 
monitor important dimensions of ecosystem structure that impact landscape function, and 
by extension, the ability of ecosystems to provide services. In this dissertation, I develop 
new remote sensing-based methods and data sets that are specifically designed to fill this 
information gap by characterizing ecological changes in a way that allows LCLUC 
processes to be more directly linked to land degradation and climate sensitivity.  
1.6 Research statement and dissertation outline   
The main goal of my dissertation is to develop an integrated observation and 
modeling framework that exploits remote sensing, meteorological data sets, and LCLUC 
information to improve our capability to monitor and manage the long-term sustainability 
of climate-sensitive and societally-critical landscapes. To do this, I exploit multi-sensor 




from MODIS (Chapter 2); and (2) moderate spatial resolution (30 m) from Landsat for a 
regional study of land cover and land use change in the Southern Cone of South America 
(Chapters 3 & 4). With this dissertation, I answer the following research questions: (1) how 
sensitive are global pasturelands to climate variability? (2) what are the extent and 
geographic variability of landscape-scale changes in bare ground, herbaceous cover, and 
woody vegetation in the Southern Cone of South America? (3) what are the extent and 
variability in landscape degradation in the Southern Cone of South America? 
In Chapter 2, I characterize the effects of climate variability on pasturelands 
productivity at global scales by analyzing the relationship between satellite-derived 
Enhanced Vegetation Index data and gridded precipitation data at 3- and 6-month time 
lags. To account for the effects of different production systems, I stratify the analysis by 
agroecological zones and by rangeland versus mixed crop-livestock systems. In Chapter 3, 
I generate continuous estimates of vegetation cover to provide assessment of vegetation 
composition and density, which are two of the key indicators of ecosystem function and 
resilience. With continuous estimates of vegetation cover, I assess changes in lifeform, 
transitions to new vegetation states, and disturbance dynamics in the Southern Cone of 
South America. In Chapter 4, I use time series of Enhanced Vegetation Index and land 
cover estimates to assess the trajectory and state of both variables to classify degraded 
regions in the Southern Cone of South America according to the framework set up by SDG 
Goal 15.3. Lastly, Chapter 5 summarizes the key findings of this dissertation and discusses 




CHAPTER 2: Sensitivity of Global Pasturelands to Climate Variation 
2.1 Introduction  
More than a third of Earth’s ice-free land surface is occupied by agriculture, of 
which nearly 70% is used as pastureland to support livestock (Foley et al., 2011). Although 
pasturelands occupy a disproportionate share of agricultural land, their productivity, 
resilience, and resistance to climate change are much less well-studied relative to croplands 
(Foley et al., 2011; Ramankutty et al., 2002). Because these systems are important both 
ecologically and to local and global economies, incomplete understanding regarding the 
dynamics and vulnerabilities of pastureland ecosystems to the joint effects of climate and 
livestock production systems represents a key knowledge gap. 
Growing population and increasing affluence in developing nations are expected to 
increase global meat and milk consumption by 68% and 57%, respectively, by 2030 
relative to consumption in 2000 (Steinfeld & Gerber, 2010). In the era of climate change, 
our ability to satisfy increased demand for meat and dairy while decreasing the resulting 
environmental impact depends on pastureland sensitivity to both climate and livestock 
management. Quantifying the relationships among pastureland productivity, climate, and 
livestock production systems is therefore important to support forecasts regarding how on-
going changes in climate may lead to grassland feed shortages and pastureland degradation 
and desertification. Moreover, in order to meet the UN Sustainable Development Goals, 
improved understanding of the processes and thresholds that lead to land degradation in 




Precipitation is the dominant climatic control on grassland productivity (Knapp & 
Smith, 2001; Sala et al., 2012). From desert grasslands to mesic prairies, field-based studies 
show that mean annual precipitation accounts for up to 90% of interannual variation in 
aboveground net primary productivity (ANPP) (Del Grosso et al., 2008; Guo et al., 2012; 
Sala et al., 1988). At seasonal time scales, vegetation productivity in arid and semi-arid 
systems is largely driven by seasonal weather regimes with secondary responses to lagged 
weather, at time scales that range from one month (Wu et al., 2015) to two years (Arnone 
III et al., 2008). Because pasturelands are actively grazed by livestock, understanding and 
modeling their response to precipitation variation is challenging, and has been described 
using both equilibrium and non-equilibrium ecological theory. In arid and semi-arid 
systems, in particular, evidence suggests that livestock density alters the long-term 
direction of structure and composition of grasslands, but appears to have a minor role in 
regulating yearly plant production and forage availability, which is primarily influenced by 
episodic precipitation events at seasonal time scales (Illius & O’Connor 1999; Briske et 
al., 2003; Fuhlendorf et al., 2001).  
Arid and semi-arid ecosystems occupy approximately 40% of the terrestrial surface 
(Reynolds et al., 2007) and account for approximately 40% of global net primary 
productivity (NPP) (Bunting et al., 2017; Wang et al., 2012). Rangeland-based livestock 
production systems, which occupy 65% of drylands, support livestock on the ANPP of 
natural vegetation (Asner et al., 2004; Gaitán et al., 2014). Because water limits the 
productivity of vegetation in arid and semi-arid ecosystems, the timing and duration of 




for plant uptake (Sala et al., 2012; Wilcox et al., 2017). Recent studies suggest that up to 
66% of global land areas are experiencing drying (Huang et. al., 2016), and precipitation 
events in arid and semi-arid regions are forecast to become shorter, less frequent, and less 
widespread in the coming decades (Huang et. al., 2016; Reeves et al., 2014). If realized, 
these changes pose a significant threat to the sustainability of rangeland-based livestock 
production systems, especially in arid and semi-arid regions.   
The United Nations’ Food and Agriculture Organization (FAO) defines pastures as 
land permanently used for herbaceous forage crops. Pastures provide 48% of the biomass 
used by ruminants (e.g., bovines, sheep, and goats) across both rangeland-based and mixed 
crop-livestock systems and are therefore important to food security in many parts of the 
world (Herrero et al., 2013). In mixed systems, livestock consume a wide variety of feeds, 
and crop by-products and stubble provide more than ten percent of animal food. Mixed 
crop-livestock systems account for the majority of grass consumption, and provide 61% of 
the meat and 69% of the milk produced in both developed and developing countries 
(Herrero et al., 2013). Livestock in rangeland-based systems, on the other hand, depend 
almost exclusively on grass for feed, with more than 90% of dry matter derived from 
pasturelands with limited feed supplements (Robinson et al., 2011).  
At regional to continental scales, several studies have used satellite data to quantify 
the impact of precipitation variability on grassland productivity (e.g., Lotsch et al., 2003; 
Seddon et al., 2016; Vicente-Serrano et al., 2013). However, most have not considered the 
potential for management practices to offset or exacerbate the impact of climate variability 




Including land use in such analyses provides a basis for separating the effects of livestock 
production systems from climatic drivers and could inform ecosystem management and 
policies. No study has examined the relationships among the resilience and resistance of 
pasturelands to both climate anomalies and livestock production systems at global scales. 
Further, few studies have estimated quantitatively the sensitivity of pastureland vegetation 
to precipitation at different time lags at global scale.  
In this paper, we use observations (2003-2017) from a suite of precipitation, 
livestock, and remote sensing data sets to characterize and assess the spatially explicit 
sensitivity of global pasturelands located in different livestock production systems to 
climate. We define sensitivity as the change in satellite-derived vegetation greenness that 
is generated by a change in precipitation (Huxman et al., 2004; Knapp et al., 2015; Sala et 
al., 2012). Specifically, we estimate both vegetation resistance (ability of pasturelands to 
withstand a disturbance) and engineering resilience (time required for pasturelands to 
return to set point after a disturbance) to variations in precipitation, as conditioned on 
livestock production system. We postulate that the geographic distribution, productivity, 
and sensitivity of global pasturelands depend on the combined effects of precipitation and 
the livestock production system (i.e., mixed crop-livestock and rangeland-based). 
Specifically, the objectives of the research we describe in this paper are:  
• To quantify the resistance and resilience of arid/semi-arid and humid/sub-




• To assess the nature and magnitude of short-term precipitation and 
vegetation anomalies in determining pastureland greenness in different 
climatic zones and livestock production systems. 
As part of our analysis, we also evaluate overall trends in vegetation greenness in global 
pasturelands and investigate the form and magnitude of pastureland vegetation response to 
wet versus dry years. 
2.2 Materials and Methods 
2.2.1 Remote sensing and precipitation datasets  
Repeated satellite observations across broad spatial scales have been used as 
indicators of pastureland health and pastureland response to climate and anthropogenic 
drivers of change (Asner et al., 2004). For this work we used time series of the enhanced 
vegetation index (EVI), which is correlated with the fraction of photosynthetically active 
radiation absorbed by plant canopies and vegetation biomass (Asrar et al., 1984; Myneni 
et al., 1995; Zhou et al., 2003), as a surrogate for vegetation productivity. Because EVI is 
closely related to ANPP, the magnitude and seasonality in EVI provide good indicators of 
forage availability (Gaitán et al., 2014). EVI is a measure of the aggregate response of 
pasturelands to both climate variability and grazing. Given that yearly plant production is 
often controlled by precipitation rather than grazing (Ellis & Swift, 1988; Briske et al., 
2003; Fernandez-Gimenez & Allen-Diaz, 1999) and because spatially explicit grazing data 
are not available at global scale, we analyzed the response of pasturelands to precipitation 
explicitly recognizing that they may be grazed. Using the MOD13C2 monthly vegetation 




time series (for more details see Appendix A Table A2). Further, to exclude artifacts 
introduced by soil background and snow, we excluded EVI values less than 0.1 (Wu et al., 
2015; Zhou et al., 2003).  
To evaluate the sensitivity of pastureland productivity to precipitation, we used 
gridded monthly precipitation data from the Climate Hazards Group InfraRed Precipitation 
Station (CHIRPS) data at 0.05˚ spatial resolution (Funk et al., 2015a) and Collection 6 
MODIS monthly EVI data (MOD13C2), also at 0.05˚ spatial resolution (Didan 2015) from 
2003 to 2017. CHIRPS is a quasi-global rainfall dataset spanning 50˚S to 50˚N across all 
longitudes. By utilizing high resolution (0.05˚) satellite observations of global precipitation 
climatology in addition to physiographic indicators and gauge data, CHIRPS provides 
gridded precipitation data with good quality and coverage in data sparse regions (Funk et 
al., 2015b) that compares favorably against the most widely used global precipitation 
datasets: the Climate Research Unit (CRU) time series and WorldClim (Funk et al., 2015b).  
2.2.2 Global pastureland map  
We combined two sources of information to create a global map of pasturelands. 
First, we used the MODIS Collection 6 Land Cover Product at 500 m spatial resolution 
(Sulla-Menashe et al., 2019) to restrict our analysis to locations belonging to the following 
land cover classes: Closed Shrublands, Open Shrublands, Woody Savannas, Savannas, 
Grasslands, Barren or Sparsely Vegetated, and Cropland/Natural Vegetation Mosaic. To 
be conservative, we retained only those grid cells that were classified as one of the above-
mentioned land cover classes across all fifteen years. Second, we used the map of global 




resolution agricultural inventory data from the UN Food and Agriculture Organization 
(FAOSTAT) with land cover data derived from MODIS (Friedl et al., 2010). Specifically, 
we used Ramankutty et al.’s (2008) map to identify 5' grid cells with 60% or more 
pastureland cover. We used Ramankutty et al. (2008) product since it provides the most 
conservative estimates of pastureland area when compared to other products because it 
considers only permanent pastures (Fetzel et al., 2017). We then intersected these two data 
sets to create a gridded map of pasturelands where each grid cell met two criteria: 1) stable 
land cover through time belonging to one of the seven MODIS Land Cover classes 
identified above, and 2) possessing more than 60% pasture by area according to 
Ramannkutty et al. (2008).    
Following Robinson et al. (2018), pastureland areas were divided into two 
agroecological zones (arid/semi-arid and humid/sub-humid), two livestock production 
systems (rangeland-based: defined as having minimal crop-based agriculture, and crop-
livestock: defined as rainfed cropping combined with livestock production), and five 
different geographic regions (Africa, Asia, Australia, North America, and Latin America) 
(https://doi.org/10.7910/DVN/WPDSZE). We excluded Europe where pasturelands are not 
extensive. Following the regional stratification established by Herrero et al. (2013) we 
defined Latin America as including Mexico, Central America, and South America. This 
design identified twenty distinct geographic units, which were further subdivided into four 
seasons resulting in eighty different study units for the final model specification (Figure 
2.1). We selected 30% of grid cells via random sampling (without replacement) from each 




allowed for a fair comparison among regions with markedly different areas (see Appendix 
A for more details on sampling strategy and Table A1 for the number of grid cells in each 
region represented by 30% sample). In addition, to support estimation of uncertainty in 
model results, we repeated the procedure 100 times, providing 100 sets of unique random 
samples is each study unit.  
 
Figure 2.1. Global ruminant livestock production systems and sample design with two agroecological zones 
(arid/semi-arid and humid/sub-humid), two livestock production systems (rangeland-based and crop-livestock) 
and five different geographic regions (Africa (Afr.), Asia (As.), Australia (Aus.), North America (N.A.) and Latin 
America (L.A.)), resulting in twenty different study regions. The map has been adapted from Robinson et al. 
(2018) and it shows the applied pastureland mask. Rangeland-based arid pasturelands are shown in red, 
rangeland-based humid pasturelands are shown in orange, mixed crop-livestock arid pasturelands are shown in 




Afr. As. Aus. L.A.N.A.




Afr. As. Aus. L.A.N.A.




2.2.3 Panel regression model 
To characterize the sensitivity of pasturelands to the joint effects of land use and 
climate, we estimated panel regression models to predict EVI at seasonal time scale. We 
used a panel regression-based approach because this method is well suited for 1) gridded 
time series that have relatively few observations (15 years) for a large number of pixels 
(Hsiao 2014) and 2) a stratified sampling approach such as the one described above (see 
Appendix A). Panel regression models have been previously used in similar contexts to 
study yield response to climate in croplands as well as the relationship between remotely 
sensed vegetation indices and climate (Lobell et al., 2010; Zhou et al., 2003). To perform 
this analysis, CHIPRS precipitation and MODIS vegetation index time series were co-
registered and clipped to the pastureland mask described above. For each 0.05° grid cell, 
we calculated seasonal statistics (mean, min, max and standard deviation) and seasonal 
standardized anomalies for precipitation and EVI (Equation (1)), which removed the effect 
of seasonality and reduced the impact of spatial autocorrelation in each climate zone and 





    (1) 
where  is year, ̅s(y) is the mean for a season (s) and year (y), ̅s(ref) is the long-term mean 
for the same season, and s(ref) is the standard deviation for the same season. Prior to 
computing the standardized seasonal anomalies, monthly EVI data were averaged and 
monthly precipitation values were summed to generate seasonal values for 
December/January/February (DJF), March/April/May (MAM), June/July/August (JJA), 




time scales and vegetation does not respond to high frequency variation in weather, we 
have adopted this widely-used aggregation approach in our study (e.g., Lotsch et al., 2003; 
Vicente-Serrano et al., 2013; Zhou et al., 2003). 
Linear panel regression models were estimated for each season (s) and grid cell (i) 
as follows:  
 =   + ∑ (  1 ∗ # +
$
%&  2 ∗  #
$) +   3 ∗ ()) +  *  (2)  
where P is the standardized precipitation anomaly, ())  is the standardized EVI 
anomaly from the previous season, ,  1,  2, and  3 are coefficients that were estimated 
using the fixed effects estimator, and * is the model residual. The coefficients associated 
with precipitation ( 1 and  2) capture drought sensitivity and the coefficient associated 
with lagged EVI ( 3) captures the sensitivity of pasturelands to preceding vegetation 
anomalies. Specifically (1- 3) represents the rate at which EVI adjusts to the values 
implied by precipitation. In other words, coefficients  1  and  2  capture the drought 
resistance, whereas coefficient  3  represents the vegetation resilience to drought, 
quantifying memory effects. A large value for  3  indicates that current season EVI 
strongly depends on previous states of the system and that the pastureland ecosystem 
recovers slowly from drought, and vice versa (see Appendix A). The quadratic 
specification allows for a nonlinear relation in which maximum greenness (EVI) can occur 
at intermediate rates of precipitation. The cell-specific intercept (is) represents the effect 
of variables that vary across space for which observations are not available such as soil 
quality, nutrient availability, temperature, etc. Lagged values of precipitation are included 




precipitation with time lags that range from three to six months (Lotsch et al., 2003; Sala 
et al., 2012; Vicente-Serrano et al., 2013). Lagged values of EVI are included because 
vegetation has “memory” such that its current state reflects the residual effects of previous 
conditions. For this work, we used a similar approach pursued in several previous studies 
that quantified resilience by measuring the time or rate of biomass recovery to a state that 
existed prior to disturbance (Tilman 1996; Lhermitte et al., 2011; De Keersmaecker et al., 
2015). Hence, this model considers standardized anomalies for both short-term 
precipitation effects and grassland system memory.  
We use Equation (2) to characterize the response of vegetation greenness in global 
pasturelands to precipitation across 60 seasons (15 years) using the procedure developed 
by Swamy (1970). The model was estimated separately for each of the twenty study regions 
(Figure 2.1) by using all sample cells within each region together. We selected among 
models that are implied by four estimation techniques (pooled OLS, fixed effects, random 
effects, or random coefficient) using the model selection framework outlined in Zhou et al. 
(2003) (see Appendix A). F tests indicated rejection of restrictions that make the intercepts 
and/or regression coefficients the same across grid cells. Finally, we evaluated whether the 
regression results were spurious by testing the null hypothesis that the dependent and 
independent variables contain a stochastic trend (Pedroni 2001). We rejected this null 
hypothesis for all variables, which allowed us to proceed with the OLS framework. To 
quantify the effect of each independent variable on EVI anomalies, we simulated the 
regression model by holding three variables at their sample mean while allowing one 




observations. In this way, we assessed the relative contribution of precipitation and 
antecedent vegetation greenness to variability in vegetation greenness (Figure 2.3). 
2.2.4 Asymmetry, grid cell correlations, and trends 
Cell-wise regressions for all global pasturelands included in our analysis were 
calculated based on annual anomalies in precipitation and EVI. To quantify annual trends 
in EVI, we performed a Theil-Sen trend analysis for each cell by calculating the slopes of 
multiple randomized subsets of data generated via bootstrap resampling. The final Theil-
Sen estimator is the median of all slopes and bootstrap resampling provides an estimate of 
the p-value for the slope (Sen 1968; Theil 1950). Theil-Sen estimates are robust, resistant 
to outliers, and yield accurate confidence intervals (Sen 1968; Theil 1950). Lastly, we 
calculated the maximum positive and negative deviations from the long-term mean EVI 
(Knapp & Smith, 2001; Knapp et al., 2017). Following the methodology developed by 
Knapp & Smith (2001) we calculated maximum positive EVI deviations as 
+,-  ./01 
./01 
 and 
maximum negative EVI deviations as  
./01.1
./01 
. To test whether vegetation responds 
asymmetrically to precipitation above the sample mean, we multiplied the squared 
precipitation term in Equation (2) by a binary variable equal to one for seasons in which 
anomalies are positive and zero for seasons in which anomalies are negative.  
2.3 Result 
Results indicate widespread sensitivity of pastureland vegetation to both 
precipitation anomalies and short-term lagged vegetation anomalies. This sensitivity is 
most pronounced in arid and semi-arid regions where rangeland-based livestock production 




pastureland response to precipitation: engineering resilience, which we define here as the 
time required for vegetation to recover following a disturbance, and resistance, which 
reflects the ability of pasturelands to withstand drought. As we indicate in Section 2.3.1, 
lagged EVI is included in Equation (2) to quantify the importance and magnitude of lagged 
vegetation responses to variation in precipitation.  
2.3.1 Annual grid cell correlations and trends 
Globally, 28.3% of pasturelands show statistically significant correlations (p < 
0.05) between vegetation index anomalies and current and antecedent precipitation 
anomalies as indicated by t statistics which reject the null hypothesis  1 = 0 or  2 = 0. 
More specifically, Figure 2.2 presents a map of the variance in EVI anomalies explained 
(R2) by OLS regression models.  Results from this analysis clearly show the geographic 
extent of pastureland sensitivity, with southwestern Africa, eastern Australia (Figure 2.2d), 
the Northern and Southern Great Plains of the United States (Figure 2.2b), parts of Eurasia, 
and Mongolia all showing strong sensitivity to precipitation anomalies. As expected, there 
is a strong correspondence between vegetation dynamics and variation in precipitation in 
arid and semi-arid pasturelands, with 62.2% of statistically significant cells located in these 
climate zones. In this context, it is important to note that land management is not included 
in this part of the analysis (Figure 2.2). Hence, low correlation between vegetation 
dynamics and precipitation in some regions may reflect the role of human activities or other 





Figure 2.2 Grid cell R2 values for statistically significant regression models (p < .05) for yearly precipitation and 
EVI anomalies, including lagged terms. Panel (a) shows global results, along with three specific pasturelands in 
regions of interest in the United States (b), Latin America (c) and Australia (d). White grid cells represent grid 
cells that do not show statistically significant R2 values (p < .05). CHIRPS precipitation data is available 
between 50˚S and 50˚N, which is why pasturelands in Russia and Canada are excluded from the analysis.  
While the majority of global pasturelands show no trend in overall greenness, 
14.5% of global pastureland grid cells show statistically significant (p < 0.05) trends in 
EVI: 84.6% show greening and 15.4% show browning (Figure A6). Greening is most 
pronounced across arid and semi-arid pasturelands, where 79% of statistically significant 
Theil-Sen trends are positive. Trends in vegetation greenness between 2003 and 2017 show 
the largest magnitude (up to 0.10 EVI units total increase) over southeastern Australia, the 
northern Great Plains of the United States, Mato Grosso do Sul in Brazil, and in parts of 




to -0.08 EVI units) over Kenya and Somalia in eastern Africa, and in Eastern Brazil in 
Latin America (Figure A6).   
2.3.2 Seasonal explanatory power of models and predictors 
To explore the magnitude of regional and seasonal patterns in the sensitivity of 
vegetation greenness anomalies to precipitation and antecedent greenness, we estimated 
the total and partial R2 for each predictor variable in Equation (2) stratified by season, 
livestock production system, and region (Figure 2.3). In arid and semi-arid regions, 
anomalies in precipitation and lagged EVI accounted for 22% to 68% of total variation in 
seasonal EVI anomalies in crop-livestock systems, and 20% to 69% of variation in seasonal 
EVI anomalies in rangeland-based systems. The magnitude of explained variance was 
particularly large in rangeland-based and crop-livestock systems in Australia, North 
America, and Latin America across all seasons, and for arid crop-livestock systems in 
Australia (Figure 2.3). Importantly, lagged short-term vegetation greenness anomalies 
contributed at least a half of the explanatory power in most regions and seasons, with the 
exception of Australia and North America, where contemporaneous and short-term 
precipitation anomalies explained a lot of the variability in greenness anomalies, especially 
in crop-livestock systems. 
In humid and sub-humid climate zones, variation in precipitation and lagged EVI 
accounted for 16% to 69% and 5% to 72% of total variance in EVI anomalies across regions 
and seasons in crop-livestock systems and rangeland-based systems, respectively (Figure 
A1). Lagged short-term vegetation greenness anomalies explain a smaller proportion of 




Overall, the explanatory power of our models in humid and sub-humid pasturelands was 
smaller because of two main factors: 1) humid grasslands usually are not water limited, 
and 2) vegetation in humid pasturelands is more abundant (i.e., higher percent cover, leaf 
area, etc.) relative to vegetation in arid pasturelands. The explanatory power was 
particularly low in Africa and also in mixed crop-livestock production systems in all 
regions (Figure A1). 
 
Figure 2.3. Partial R2 values for each predictor variable in each region explaining variability in EVI anomalies 
in arid and semi-arid regions. The solid points above each production-region-season combination show the 
overall explanatory power of the model, and the colored bars show the contributions of contemporaneous and 
lagged precipitation and lagged EVI anomalies. Sample sizes in each region are provided in Table A1.  
Further analysis reveals geographic patterns in the statistically significant 
relationships (p<0.05) between EVI anomalies and lagged anomalies in both precipitation 




livestock production systems, where 6-month lagged precipitation anomalies account for 
nearly 20% of interannual variation in vegetation greenness anomalies during MAM and 
JJA (Figure 2.3). These results clearly indicate that dryland livestock production systems 
are sensitive to short-term (3-month lag) vegetation greenness anomalies (Figure 2.3, 
Figure 2.4). Specifically, livestock production systems in Australia are most sensitive (least 
resistant) to contemporaneous and short-term precipitation anomalies, while arid and semi-
arid livestock production systems in Latin America are most sensitive (least resilient) to 
short-term vegetation greenness anomalies (Figure 2.3, Figure 2.4). 
2.3.3 Seasonal sensitivity of pasturelands to precipitation and vegetation anomalies 
Pastureland EVI anomalies were positively correlated with both in-season and 
lagged precipitation anomalies across livestock production systems and agroecological 
zones. On average, above-average precipitation tended to increase vegetation greenness 
and below-average precipitation tended to decrease vegetation greenness (Figure 2.3). The 
magnitude of this effect depended on the location and climate regime. To illustrate, Figure 
2.4 shows the sensitivity of EVI anomalies to variation in in-season and lagged 
precipitation anomalies (defined here as the unit change EVI for a unit change in 
precipitation, estimated based on the coefficients from Equation (2)), which can be related 
to pastureland stability. Specifically, the coefficients associated with precipitation ( 1 and 
 2) capture the resistance of pasturelands to drought, and the coefficient associated with 
lagged EVI ( 3) captures the resilience of pasturelands to drought (or in other words the 





Figure 2.4. Sensitivity (change in EVI for a unit change in precipitation) of EVI anomalies to precipitation 
anomalies (P) for December/January/February (DJF); error bars represent one standard deviation. There were 
insufficient observations of pasturelands in humid Asia and in humid rangeland-based production systems in 
North America to estimate models for these strata. Sample sizes in each region are provided in Table A1. 
In arid and semi-arid regions, pasturelands were less sensitive to precipitation than 
short-term vegetation anomalies, which suggests that these regions are relatively resistant 
to drought, but have lower resilience once disturbed (Figure 2.4, Table A3-A4). 
Conversely, humid and sub-humid pasturelands were less sensitive to short-term 
vegetation anomalies compared to arid and semi-arid regions, and as a result, pasturelands 





Figure 2.5. Global mean seasonal sensitivity of pasturelands: (a) resistance to drought and (b) resilience. This 
figure shows the model coefficients for precipitation (a) and lagged vegetation anomalies (b) for the twenty 
different study units. Higher numbers indicate lower resistance and resilience; i.e., areas in purple and blue are 
most sensitive to change in precipitation regimes. Note that the two scales have different ranges.  
In arid and semi-arid pasturelands, which were less resilient than humid and sub-
humid pasturelands, rangeland-based and crop-livestock systems respond differently 
compared to one another (Figures A2-A4). Rangeland-based systems, which were more 
extensive, appear to be the least resilient. In particular, low resilience was pronounced in 
Africa, Australia and Latin America during JJA and SON. Drought resistance, on the other 
hand, was relatively unaffected by the livestock production system or agroecological zone 








widespread sensitivity of pasturelands to precipitation and vegetation anomalies (Figure 
2.5). Figure 2.5 shows the mean seasonal coefficients for precipitation anomalies (a) and 
vegetation anomalies (b) from Equation (2) across the twenty different study units. Low 
resilience (high value of  3 coefficient) was found in arid and semi-arid areas and in 
particular in US Southwest, Patagonia, southern Africa, the Sahel and Australia (Figure 
2.5b). Low drought-resistance (high value of  1 coefficient) was found in Australia, US 
Southwest, Uruguay and parts of Brazil (Figure 2.5a). In particular, Australia had both low 
resistance and low resilience relative to other regions across the world. Patagonia, in 
southern South America, had the lowest resilience globally, which is indicative of slow 
vegetation recovery after disturbance (e.g., drought).  
2.3.4 Asymmetry in the response of pastureland greenness to precipitation anomalies 
In the final element of our analysis we tested whether pastureland vegetation 
responds symmetrically to wet versus dry years. Results indicated that arid/semi-arid zones 
responded differently than humid/sub-humid zones, which suggests that biome-dependent 
factors, independent of precipitation, constrain the response of vegetation. In arid and semi-
arid regions, maximum positive deviations in vegetation greenness were four times more 
numerous than maximum negative deviations (Figure 2.6). Although the same pattern is 
present in humid and sub-humid systems, differences in the magnitude of positive versus 
negative deviations is much smaller. Further, positive asymmetry in EVI response was not 
consistently explained by corresponding asymmetry in precipitation (Figure A5). To test 
whether asymmetry in the EVI response was explained by asymmetry in the magnitude of 




binary variable (see methods for more details). Results from this analysis reveal that 
asymmetry in EVI response is not associated with differential response to wet versus dry 
years, except regionally in Latin America, Australia, and North America (Figure A5). For 
example, the positive EVI asymmetry in crop-livestock systems in Latin America is 
associated with wet years (on average  2 =  0.249, p < 0.05). The lack of corresponding 
asymmetry in precipitation indicates that vegetation greenness can be influenced by other 
factors in addition to precipitation in the current season (i.e., antecedent precipitation, 
grazing intensity).  
 
Figure 2.6. Maximum positive deviations from mean EVI are up to four times larger than the maximum 
negative deviations observed in the 15-year record in arid and semi-arid regions of the world. There were 
insufficient observations of pasturelands in humid systems in North America to estimate models for these strata. 
For sample size in each region please refer to Table A1. 
2.4 Discussion  
This study provides a comprehensive analysis of the sensitivity of global 




production systems. Our results show that among those grid cells exhibiting statistically 
significant trends, 84.6% are greening (Figure A6), of which most are located in arid and 
semi-arid regions. These results are consistent with those from other studies showing that 
semi-arid regions of the Southern Hemisphere have experienced greening, especially in 
Australia, South America, and Southern Africa (Fensholt et al., 2012; Poulter et al., 2014). 
While the drivers behind this trend are unclear and likely vary by region, possible causes 
include changes in precipitation frequency and intensity (Donohue et al., 2009), woody 
encroachment as a result of livestock management (Andela et al., 2013; Asner et al., 2004), 
climate change (Maestre et al. 2016), and CO2 fertilization (Zhu et al., 2016).   
The resistance and resilience metrics used in this study are consistent with 
published ecosystem sensitivity metrics, and provide effective and nuanced measures of 
how vegetation activity responds to variation in precipitation over short periods (i.e., 3 
months) (De Keersmaecker et al., 2015; Vicente-Serrano et al., 2013). Our study finds that 
sensitivity to contemporaneous and short-term precipitation anomalies is highest (least 
resistance) in Australia across all combinations of agroecological zones and livestock 
production systems, while arid and semi-arid livestock production systems in Latin 
America are most sensitive (least resilient) to short-term vegetation greenness anomalies 
(Figure 2.4, Figures A3-A4). Field-based evidence suggests that low levels of plant density 
in arid and semi-arid grasslands of Latin America limit their ability to recover from the loss 
of vegetation associated with drought (e.g., Gaitán et al., 2014; Yahdjian & Sala, 2006). In 
this context, results from this study provide further empirical evidence regarding the 




and semi-arid agroecological zones across the globe, and in Latin America in particular. 
Specifically, vegetation in arid and semi-arid pasturelands is well-adapted to seasonal-scale 
precipitation deficits but highly responsive to disturbances in vegetation cover at 
interannual time scales caused by drought, for example.  
While our results demonstrate the importance of precipitation as a key abiotic driver 
of variation and change in pasturelands, they also highlight that the rate of adjustment by 
vegetation to fluctuations in precipitation is low, indicating low resilience, and once 
perturbed, a slow return of the system to equilibrium. Moreover, the response of 
pastureland vegetation to climate forcing is also influenced by biotic factors such as 
grazing, which impacts the long-run productivity of pasturelands by changing the species 
composition and plant density (Illius & O’Connor 1999; Briske et al., 2003; Fuhlendorf et 
al., 2001). Because the state and health of rangeland ecosystems reflect processes that 
include both equilibrium and nonequilibrium dynamics, both abiotic and biotic drivers such 
as those mentioned above can have long-term impacts on arid and semi-arid pasturelands 
by causing non-reversible changes in ecosystem state (Asner et al., 2004; Gaitán et al., 
2014; Reynolds et al., 2007; Briske et al., 2003). Stated another way, maintaining and 
enhancing grassland cover in pasturelands by effective management of livestock can buffer 
the negative effects of climate variation on vegetation productivity and aid pasturelands in 
recovery from drought.  
Finally, results from this study demonstrate that some pastureland systems show 
asymmetric response to precipitation anomalies (Knapp et al., 2015). This makes it difficult 




overall sensitivity of EVI to precipitation. Our results, which are based on remote sensing, 
are consistent with results from field studies: maximum EVI values deviate more from the 
long-term mean than do minimum EVI values (Knapp & Smith, 2001; Knapp et al., 2017; 
Wu et al., 2011). Furthermore, statistical assessment of EVI dynamics demonstrates that 
crop-livestock systems in Latin America exhibit statistically significant asymmetric 
responses to wet versus dry years. The asymmetric response in vegetation greenness, 
however, may not always be a direct response to increased precipitation and can also reflect 
vegetation life history, legacy effects, or changes in plant communities. Even though wet 
years in arid regions can generate large pulses in productivity, the magnitude of the 
response is constrained by low plant density and leaf area (Huxman et al., 2004; Knapp & 
Smith, 2001). Consistent with this, our results suggest that in arid and semi-arid livestock 
production systems, pastureland greenness saturates during extremely wet seasons 
(Flombaum et al., 2017; Huxman et al. 2004; Yang et al., 2008; Zhou et al., 2003).  
Pasturelands are globally extensive, sensitive to climate, and important both 
ecologically and socio-economically. In the coming decades, as population growth and 
economic development increase the demand for meat and dairy products, pasturelands will 
experience increased stress from land use intensification and climate change. In this study 
we used remote sensing, climate, and land use data to characterize and quantify the 
sensitivity of global pasturelands to the joint effects of climate variation and land use. 
Specifically, our analysis quantified the short-run effects of precipitation and vegetation 
anomalies on pastureland greenness across two agroecological zones and two broad classes 




sensitivity to climate, and indicate how pasturelands located in existing dryland areas are 
likely to be affected by projected trends in precipitation. For example, browning in the 
Horn of Africa combined with sensitivity to drought and short-term vegetation anomalies 
make livestock production in this region particularly vulnerable to climate change and 
overgrazing.  
2.5 Conclusions 
Although some livestock producers may be able to adapt by implementing new 
strategies for dealing with declining carrying capacity for livestock in pasturelands (i.e., by 
using feed or moving herds to different ranges), others may be incapable of doing so 
because their grazing lands are already overgrazed (and hence are not able to recover from 
drought) or they do not have the means to adapt. While high livestock density in dryland 
pasturelands can reduce vegetation cover and grassland species diversity, appropriate 
management can also be effective in supporting and maintaining healthy vegetation and 
productive vegetation stocks. By stratifying our analysis into different livestock production 
systems, we separate land areas that are most likely to experience degradation from those 
that are more likely to maintain their ability to support livestock. Our results suggest that 
globally, regions most likely to experience degradation include arid and semi-arid 
rangeland-based systems located in Australia and Latin America. These two regions 
exhibited the lowest resilience and drought resistance, which means they not only struggle 
to recover from disturbance, but they are also vulnerable to state transitions. More 
generally, our results show that large swaths of semi-arid global pasturelands have 




change. Moving forward, improved climate model projections in combination with 
operational monitoring systems, perhaps building off the framework we used for this work, 
will be required to support and ensure effective management of both regional and global 






CHAPTER 3: Widespread Changes in Vegetation cover and Composition in the 
Southern Cone of South America  
3.1 Introduction 
Land cover and land use are fundamental terrestrial properties that constitute 
critical components of global environmental science and sustainability research (Foley et 
al., 2005; Turner et al., 2007). Land cover and land use change (LCLUC) have extensively 
modified the Earth’s ecosystems and have introduced substantial perturbations to Earth 
system processes, including the global carbon cycle (Gray et al., 2014; Tagesson et al., 
2020), water cycle (Bosmans et al., 2017) and surface energy balance (Duveiller et al., 
2018). LCLUC has also been linked to declines in biodiversity through habitat conversion 
and fragmentation, changes in plant species composition, and degradation of soil and water 
resources (Newbold et al., 2015). In many parts of the world LCLUC can undermine 
ecosystem health, human welfare, and sustainability even when land use activities do not 
result in wholescale land cover change (Foley et al., 2005; Turner et al., 2007). In order to 
reduce the negative environmental impacts of land use while maintaining social and 
economic benefits, a strong need exists to characterize LCLUC at local and regional scales 
with greater temporal, spatial, and thematic detail than is currently available in many parts 
of the world. 
South America has been an epicenter of LCLUC in the 21st century due to rapid 
agricultural expansion (Graesser et al., 2015). Although most regional land cover change 
studies have focused on Amazonia and the tropics, the Southern Cone of South America 




strong links to commodity markets and the growing global demand for food and livestock 
products (Gasparri & Grau, 2009; Gasparri et al., 2013; Godfray et al., 2010; Graesser et 
al., 2015; Kastner et al., 2012). Specifically, cattle ranching and soybean production have 
become major drivers of deforestation in the Dry Chaco Forest of western Paraguay and 
northern Argentina (Fehlenberg et al., 2017; Gasparri & Grau, 2009; Gasparri et al., 2013; 
Graesser et al., 2015; Grau et al., 2005; Vallejos et al., 2015) and in the Paraguayan Atlantic 
Forest (Huang at el., 2007, 2009; Da Ponte et al., 2017; Richards 2011). Whereas croplands 
have expanded into previously cleared pasturelands, pasturelands have expanded along 
frontier areas into intact forests, making cattle ranching the proximate driver of 
deforestation and soybean expansion the underlying driver (Fehlenberg et al., 2017; 
Graesser et al., 2015). This agricultural expansion into forests has substantial negative 
environmental impacts, particularly on biodiversity (Foley et al., 2005; Wright 2010) and 
carbon emissions (Baccini et al. 2012, 2017; Houghton 2003).  
Because South American forests are among the most biodiverse on the planet and 
also store large amounts of carbon, non-forested regions of the Southern Cone have 
received less research attention (Grau & Aide, 2008; Grau et al., 2015). Recently, however, 
there has been growing realization that non-forested regions are under substantial stress 
and provide important ecosystem services that are threatened by the combined effects of 
LCLUC and climate change (Grau et al., 2015; Poulter et al., 2014; Vega et al., 2009; 
Villagra et al., 2009). In particular, the Río de la Plata Basin in eastern South America is 
home to one of the world’s largest temperate grasslands and plays a key role, both 




232–248; Vega et al., 2009). The Humid Pampas and the Uruguayan Savanna of the Río 
de la Plata basin have experienced accelerated cropland expansion over the last several 
decades (Graesser et al., 2015). Moreover, expansion of eucalyptus and pine plantations is 
a key driver of LCLUC in the Río de la Plata grasslands; forested area in Argentina and 
Uruguay increased by 60% from 1986 to 2005 (Paruelo et al., 2007, pp. 232–248; Vega et 
al., 2009). The increase in industrial scale plantations in the Uruguayan Savanna and the 
Mesopotamian Savanna of Argentina are the direct result of government policies and 
economic drivers, which encourage these practices within each country and across the 
region (Redo et al., 2012). Although plantations make up only a small proportion of each 
country’s territory, they constitute an important industry intended to replace unprofitable 
grazing on marginal lands and poor soils by a lucrative forest industry (Redo et al., 2012). 
Unfortunately, however, evidence suggests that replacement of grasslands with tree 
monocultures has had substantial negative impacts in the region, including reduction of 
streamflow (Engel et al., 2005; Jobbágy and Jackson, 2004), salinization and acidification 
of soils and streams (Farley et al., 2008; Jobbágy and Jackson, 2003), and changes in 
albedo, surface roughness and temperature (Betts et al., 2007). 
There is also evidence that desert ecoregions of Argentina have also been 
undergoing substantial LCLUC, including desertification in the Patagonian Steppes 
(McConnel et al., 2007; Verón & Paruelo, 2018), woody encroachment in central Espinal 
(Busso 1997; Cabido et al., 2018; Guida-Johnson & Zuleta, 2013; Lewis et al., 2009), and 
both desertification and woody encroachment in the Low Monte (Villagra et al., 2009). 




environmentally heterogeneous, each of these ecoregions show different patterns and 
severity of degradation (Villagra et al., 2009). The Patagonian Steppes and the Low Monte 
exhibit signs of desertification as a result of climate variability and human driven LCLUC 
activities such as overgrazing, fire, wood extraction, and mining (Busso & Bonvissuto, 
2009; Mazzonia & Vazquez, 2009; Palacio et al., 2014; Paruelo et al., 2004; Valle et al., 
1998; Villagra et al., 2009). The Espinal of Argentina, on the other hand, has experienced 
woody encroachment as a result of overgrazing by livestock, fire suppression, and invasion 
of exotic species (Busso 1997; Guida-Johnson & Zuleta, 2013; Lewis et al., 2009). 
Degradation in these three ecoregions is evidenced not only by changes in landscape-scale 
biophysical characteristics, but also in social and economic consequences for human 
livelihoods in the region, including a decrease in livestock density and loss of jobs since 
the middle of the last century (Mazzonia & Vazquez, 2009). 
Comprehensive regional assessment of LCLUC in the Southern Cone region is 
therefore critical to inform understanding of coupled socio-ecological land systems and to 
help tackle challenges related to sustainable land management and food security. Although 
land use is widespread and has many important environmental impacts (Gray et al., 2014; 
Erb et al., 2016; Mueller et al., 2016; Naudts et al., 2016), it remains less studied than land 
cover (Erb et al., 2017). Further, most land cover change studies tend to focus on abrupt 
landscape transitions (e.g., deforestation), but do not capture gradual and fine scale 
transitions that can occur within land cover classes (e.g., forest degradation). Moreover, 
land cover categorizations are not well suited for heterogeneous biomes such as savannas, 




and landforms, including grasses, shrubs, trees and exposed soil and rock (Gessner et al., 
2013; Herold et al., 2008). Relative to traditional thematic maps of land cover change, time 
series of continuous estimates of primary vegetation cover types and bare surfaces provide 
a more nuanced depiction of complex landscapes and land use, and improve our capacity 
to monitor subtle landscape changes that affect ecosystem services (Gessner et al., 2013).  
Satellite observations provide global coverage and revisit times capable of yielding 
spatially and temporally consistent time series of LCLUC (Wulder et al., 2019). Global 
maps of fractional vegetation cover have been derived using satellite observations at 
coarse-to-medium spatial resolution from the Advanced Very High Resolution Radiometer 
(AVHRR) and the Moderate Resolution Image Spectroradiometer (MODIS) (DeFries et 
al., 2000; Hansen et al., 2003), as well as by utilizing multiple streams of satellite data in 
combination (Sexton et al., 2013; Song et al., 2018; Ying et al., 2017). Several local-to-
regional studies have also mapped sub-pixel land cover changes to support understanding 
of landscape dynamics, including forest degradation in the Amazon (Bullock et al., 2020; 
Souza et al., 2013), shrub cover in southern Portugal (Suess et al., 2018), the Gran Chaco 
(Baumann et al., 2018) and the western United States (Rigge et al., 2020; Xian et al., 2015), 
vegetation and bare ground in African savannas (Gessner et al., 2013; Higginbottom et al., 
2018), vegetation gradients in the Brazilian Cerrado (Schwieder et al., 2016), and 
rangeland degradation in the Mediterranean (Hostert et al., 2003; Röder et al., 2008) and 
in Brazil (Davidson et al., 2008). However, to our knowledge there have been no 
comprehensive regional studies quantifying fractional cover and landscape dynamics 




the Southern Cone of South America.  
With these issues in mind, the goal of this study is to use remote sensing to 
characterize the nature and magnitude of LCLUC in the Southern Cone of South America 
over the last two decades (1999-2019) by mapping the fractional cover of barren, woody, 
and herbaceous vegetation cover at annual time steps. To do this, we use time series of 
medium spatial resolution (30 m) Landsat imagery to create a data set that captures and 
characterizes transitions among fundamental land cover attributes over the entire Southern 
Cone region. To this end, the specific objectives of this study are:  
• To characterize, at landscape scale, the overall temporal and spatial patterns 
changes in land cover in the Southern Cone over the last two decades; and 
• To quantify, at regional scale, the extent and geographic variability of changes in 
bare ground, herbaceous and woody vegetation cover.  
The study area, which encompasses parts of Argentina, Uruguay, and Paraguay, 
has been rapidly and gradually transforming in response to human management and climate 
change. The changes we identify reflect a suite of landscape processes including 
desertification, deforestation, forest degradation, woody encroachment and forest 
regeneration. Results from this analysis provide new information related to the rates, 
geography, and drivers of LCLUC in this ecologically sensitive and important region. 
3.2 Materials and Methods   
Our analysis consisted of several main steps: 1) all available Landsat imagery 




composites; 2) annual composites were used to develop a multiyear library of endmember 
spectra for bare ground, woody vegetation, and herbaceous vegetation; 3) synthetic spectra 
were generated for endmember mixtures from pure spectra using linear mixing; 4) time 
series of annual fraction maps were generated using a Random Forest regression model 
using the pure and synthetic spectra; 5) trends and breaks in the time series of fractional 
cover were quantified using a Bayesian change point algorithm; and 6) the accuracy of the 
estimated fraction and change maps was assessed against reference data collected using 
high resolution imagery.  
3.2.1 Study area  
The Southern Cone of South America typically refers to three countries: Argentina, 
Chile, and Uruguay. For this work, we focused on landscapes east of the Andes in the 
southern half of South America that span a large latitudinal and climate gradient. 
Specifically, we excluded the Andes and Chile, but included most of Paraguay, Uruguay 
and 85% of Argentina (Figure 3.1). In particular, our study didn’t include the Valdivian 
Temperate Forest, the Alto Paran Atlantic Forest, and Andean ecoregions (Central Andean 
Puna, Central Andean Dry Puna, High Monte, Southern Andean Steppe and parts of 
Southern Andean Yungas). We also excluded 4% of Paraguay in the Pantanal and the 
Cerrado ecoregions. Hereafter, we refer to this study extent as the Southern Cone region 
(SCR).  
The SCR is extensive and heterogeneous, covering roughly 3,008,755 km2 and 
spanning 3 different Food and Agriculture Organization (FAO) agroecological zones 




(Olson et al., 2001). Landscapes in this region include a complex mosaic of vegetation 
types that vary from humid forests to grasslands, shrublands, and deserts. Forest ecoregions 
include the Atlantic Forest, the Chaco, the Espinal, and the Yungas. Grassland ecoregions 
include the Humid Pampas, Uruguayan Savanna, Mesopotamian Savanna, and Paran 
Flooded Savanna. Despite the savanna designation, these ecoregions are dominated by 
grasses (Olson et al., 2001). Desert ecoregions include the Patagonian Steppe and the Low 
Monte. Climate is tropical in the northern part of this region, arid in the south, and 
temperate in the east. Mean annual precipitation and temperature are high (> 1,200 mm 
and 15-20oC, respectively) in the northeast and low (150-500 mm and 0-12oC, respectively) 
in the south and northwest (Paruelo et al., 1995).  
 
 
Figure 3.1 Landsat tiles, World Wildlife Fund (WWF) 
ecoregions and Food and Agriculture Organization 
(FAO) agroecological zones. The extent of the study 
region includes 158 Landsat tiles and 11 WWF 
ecoregions (a). The Landsat tiles selected for model 
training and calibration are numbered and shown in 
purple. Table (b) shows the FAO agroecological zones 




3.2.2 Landsat data pre-processing  
We used all available surface reflectance imagery with less than 90% estimated 
cloud cover from Landsat TM, ETM+, and OLI Collection 1 (C1) from July 1999 to July 
2019 from the USGS Earth Resources Observation and Science Center using the on-
demand Science Processing Architecture tool. Following the methodology developed by 
Graesser et al. (in prep), we generated smooth time series for each of the six Landsat surface 
reflectance bands using a process that included six main steps. First, we used per-pixel 
solar azimuth and zenith angles calculated with USGS-provided tools to apply a 
bidirectional reflectance distribution function (BRDF) normalization following the ‘c-
factor’ approach (Roy et al., 2016). Second, we used the Landsat Collection 1 Level-1 
Quality Assessment (QA) Band to flag anomalous values affected by cloud contamination, 
surface, or sensor conditions. Flagged observations were filled using a local least squares 
polynomial regression (Graesser et al., 2018; Graesser et al., in prep). Third, we identified 
remaining outliers using a two-step moving window regression procedure with 1) a local 
linear trend fit to three observations and 2) a polynomic regression fit to five observations. 
Fourth, the pre-screened and gap filled time series were linearly interpolated from an 
irregular time interval to a daily time series. Fifth, the time series were smoothed using a 
dynamic temporal smoother (DTS) developed by Graesser et al., (in prep) to reduce high 
frequency noise. Sixth, we applied a 3d spatial temporal smoothing filter similar to a 2d 
bilateral filter (Tomasi & Manduchi, 1998) to reduce spatial noise. The resulting Landsat 
layers were stored as non-overlapping 150 km by 150 km tiles, gridded to the South 




processing please see Appendix B.  
Our analysis was based on annual composites of spectral reflectance values 
extracted from the smoothed and gap-filled image stacks described above. To maximize 
spectral separability between barren, herbaceous, and woody vegetation we extracted 
surface reflectance values for the day of year (DOY) corresponding to the 95th percentile 
of maximum greenness at each pixel in each year. Since vegetation is characterized by high 
reflectance in the near infrared (NIR) band, we used the 95th percentile of maximum NIR 
as a proxy for maximum greenness. To account for the seasonality of vegetation in South 
America we defined each year as beginning on July 1st. The final dataset consisted of 158 
Landsat tiles (Figure 3.1) with surface reflectance values for the DOY at each pixel 
corresponding to the 95th percentile of maximum greenness in each year spanning the 20-
year study period. For the purpose of model development, we selected 12 Landsat tiles that 
captured all of the FAO agroecological zones (Robinson et al., 2018) and WWF terrestrial 
ecoregions (Olson et al., 2001) in the SRC (Figure 3.1). 
3.2.3 Training data and spectral library 
Training data was compiled using a combination of field observations, very high-
resolution imagery available from Google Earth (GE), Landsat composites, expert 
knowledge, and auxiliary information including Google Street View and GE photos. We 
used field data spanning four years collected by several institutions including data collected 
by: 1) Boston University researchers in Argentina and Uruguay in 2017 and 2018; 2) the 
Instituto Nacional de Tecnología Agropecuaria (INTA) of Argentina in 2018; 3) the 




and 4) the Buenos Aires Bolsa de Cereales (Grains Exchange) of Argentina from 2014 to 
2018. All field data consisted of roadside GPS measurements and observations of both 
broad land cover classes and crop type. To create complete annual, geographic, and 
thematic coverage of the SRC, we supplemented the field data with additional data 
collected via on-screen interpretation of land cover in the 12 Landsat tiles selected for 
model development (Figure 3.1). On-screen samples were subjectively selected to capture 
the heterogeneity of land cover in each tile. For both field and on-screen data, we selected 
spectrally homogeneous Landsat pixels using high-resolution imagery in GE along with 
annual Landsat composites. 
 
Figure 3.2. An example set of library spectra from Landsat tile h33v32 (#6 from Figure 3.1) showing variability 
both across space in 2016/2017 (a) and across time for the 20-year study period (b). The spatial variability of 
spectra (a) is captured by the median within each land cover type across all samples. Temporal variability of 
spectra (b) is captured by the median across time of annual median spectra for each class. Solid lines show the 
median and shaded zones around the median represent plus/minus one standard deviation. Number of samples 
per class per year are as follows: barren (1), crop (5), developed (1), grass (7), shrub (3), tree (6), and water (1).  
 
For each of the 12 Landsat tiles selected for model development, we combined all 
available training data into a geo-referenced spectral library that included 7 broad land 
cover classes of interest: grass, crop, shrub, tree, barren, developed, and water (Table 3.1). 
Using the maximum annual greenness Landsat composites, spectra were collected at Level 




compiling the spectral library in this way, we accounted for spatial (Figure 3.2a), temporal 
(Figure 3.2b), and spectral (i.e., varying illumination, shading effects etc.) variability 
within and across the different land cover types. As part of this process, we used a 20-year 
Landsat-based land cover change dataset (Graesser et al., in prep) to check that each sample 
was representative of land cover in the region and stable over time, and included spectra 
from all years to account for interannual variability in the spectral signature of each land 
cover type caused by climate variability (Figure 3.2b). We then used the annual Landsat 
composites described above to create a multiyear spectral library based on maximum 
greenness that included a total of 4660 samples, of which 1140 were grass, 720 were crop, 
1260 were tree, 500 were shrub, 340 were barren, 360 were water, and 340 were developed 
(Table 3.1).  
Table 3.1. Number of spectra collected per annual composite at Level II across the 12 Landsat tiles selected for 
model development. Multiple Level III spectra within each Level II category capture the spectral variability 
within categories. Model predictions are made at Level I. 
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3.2.4 Synthetic mixture modeling 
We adopted the basic methodology developed by Okujeni et al. (2013, 2017) to 
create synthetic spectra via linear mixing of pure spectra across all possible mixtures of 
two and three classes (Table 3.2). To do this, we used the synthMix function in the EnMAP-
Box 3 software (EnMAP-Box Developers, 2019; www.bitbucket.org/hu-
geomatics/enmap-box). We assigned a 60% likelihood that a mixture is made up of two 
endmembers and a 40% likelihood that a mixture is made up of three endmembers. For 
grass, shrub, tree, and crop we used the median of all samples in a given year and tile as 
input to the synthetic mixture modeling approach (Figure 3.2), and then used these 
measurements to generate 1000 synthetic mixtures for each target class using annual 
composites for each of the 12 Landsat tiles (Table 3.2). The resulting 36,000 synthetic 
spectra (3 classes x 12 tiles x 1000 synth spectra) along with the pure spectra were used as 
training data to estimate a machine learning-based regression model that predicted the sub-
pixel fractional cover of herbaceous, woody, and barren land cover based on Landsat 









Table 3.2. Input settings for synthetic mixture from spectral library implemented in synthMix from EnMAP-
Box 3 (Okujeni et al., 2013, 2017). 
 
3.2.5 Random Forest Regression Model  
Library spectra, along with their associated sub-pixel fractions, were used as 
training data to estimate Random Forest regression models (Breiman 2001) using the 
scikit-learn version 0.22.2 package in Python 3.6.7. Models provided predictions of sub-
pixel fractions for each Level I target class (barren, herbaceous and woody vegetation) 
(Table 3.1). In addition to the 6 Landsat bands, the model also included the FAO 
agroecological zone for each pixel (arid, humid and other (non-agricultural)) (Robinson et 
al., 2018) as a predictor. To optimize parameters used in the Random Forest model, we 
used 3-fold cross validation to perform a grid search for optimal input parameter values. 
To identify the optimal model, we selected the parameter combination with the lowest root 
Parameter Short description  Assignment 
Target classes 
Synthetic mixtures, regression models 
and fraction maps are created for these 
classes of interest.  
Barren, herbaceous, 
woody  
Background classes  All remaining classes. 
Developed and 
water  
Ensemble runs  
Number of randomly drawn subsets from 
spectral library and number of regression 
models.  1 
Number of 
synthetic mixtures  
Number of synthetic mixtures generated 
per target class.   1000 
Include pure library 
spectra  
Append pure spectra from library to 
synthetically mixed spectra.  Yes  
Include within class 
mixtures  
Allow multiple spectra of the same class 
to be randomly drawn to create a 
mixture.  No 
Class likelihoods  
The likelihood that a spectrum is 
randomly drawn from the library is the 
same among all classes.  Equalized  
Mixing complexity  
Likelihood of a mixture of 2 spectra and 






mean-squared error (RMSE) and then re-fitted the model using all available spectra. 
Fractional cover at each pixel was mapped by applying the optimal Random Forest models 
to the annual maximum greenness Landsat composites. The models predicted sub-pixel 
fractions between 0 and 1.0 for all classes in all pixels. Despite high agreement between 
observed and predicted values (Figure 3.3a), the estimated models were slightly biased, 
and tended to over-predict small values and under-predict high values (Figure 3.3a) (Huang 
et al., 2016; Zhang & Lu, 2012). To correct this, we fit our Random Forest models to 
independent training datasets and estimated a bias correction based on the difference 
between observed and predicted values for this independent data set. Specifically, 
following Huang et al. (2016), we applied a linear rotation to the Random Forest 
predictions as follows:  
789 = :;</= − :?@ =  + A:?@ 
 
This approach reduced, but did not fully correct, prediction bias (Figure 3.3b). Note 
that because separate Random Forest models were estimated for woody, herbaceous, and 
bare ground cover, the sum of predicted fraction estimates did not always sum to 1. To 
correct this, we normalized each predicted fraction by the sum of all predicted fractions in 
each pixel. As a final step, we used the 20-year Landsat-based land cover dataset by 
Graesser et al., (in prep) to exclude pixels mapped as water or developed at any point in 





Figure 3.3. Predicted (y-axis) versus observed (x-axis) values from Random Forest for woody fraction. Panel (a) 
shows uncorrected predictions of woody fraction and panel (b) shows bias-corrected predictions of woody 
fractional cover.    
 
3.2.6 Characterizing change through time  
We used a two-step approach to characterize per-pixel change through time in 
fractional cover estimates. To do this, we used Theil-Sen trend analysis in association with 
the Mann Kendall significance test (Sen 1968; Theil 1950) to identify pixels with 
statistically significant changes in fractional cover. For those pixels showing significant 
changes, we applied the Bayesian change point (BCP) algorithm described by Baccini et 
al. (2017) to model trends and changes over time. We used this approach because the BCP 
algorithm identifies both gradual and abrupt changes in the time series, effectively accounts 
for interannual noise in the time series, and limits the occurrence of spurious changes 
(Baccini et al., 2017). It therefore provides a more robust and conservative basis for 
quantifying changes relative to methods based on Theil-Sen. However, because the BCP 





study region. Output from the BCP algorithm provided per pixel estimates of the total 
change in each fractional cover type over the 20-year time period, p-values and associated 
standard errors in the change estimates, and annual fitted values for each cover fraction 
(i.e., herbaceous, woody, and bare ground).  
3.2.7 Accuracy assessment of fraction maps  
To assess the accuracy of our fractional cover maps, we collected a sample of 
independent reference data points. To do this, we divided the study domain according to 
agroecological zones (arid, humid, and non-agricultural), land cover categories 
(herbaceous, woody, and bare ground), and three strata defined by ~33% fractional cover 
change intervals for both gain and loss categories. We took a simple random sample of 15 
Landsat pixels in each of the resulting 54 strata for a total of 810 samples. To aid visual 
interpretation of reference samples and to quantify sub-pixel fractional cover, we overlaid 
a 6x6 grid over each of the Landsat reference pixels and generated a 3x3 grid of Landsat 
pixels surrounding the reference pixel (Figure 3.4). The 3x3 window enabled us to assess 
if the pixels surrounding each sample were relatively homogeneous (thereby reducing 
errors related to misregistration between Landsat and the high-resolution imagery) and to 
visualize misregistration between high resolution images through time (Potere 2008; 
Baumann et al., 2018; Suess et al., 2018).  
Reference data for sub-pixel fractional cover were interpreted using the Augmented 
Visual Interpretation tool available in Collect Earth (Bey et al., 2016). Collect Earth is an 
open access software tool developed by the UN Food and Agriculture Organization’s Open 




along with time series of medium-to-low resolution imagery from MODIS and Landsat 
available from Google Earth Engine. Interpretation of high-resolution imagery was 
performed by analysts with local knowledge and expertise in the SCR. For each sample, 
we interpreted the first and last available high-resolution image over the 20-year study 
period. Among the total of 1,620 samples, 838 had high resolution imagery available in 
GE available to support fractional cover estimation that also satisfied site homogeneity 
requirements (Figure 3.4). For 219 samples, we were able to collect reference data for 2 
years in order to estimate change through time. The resulting 30-m reference fractions were 
then used to assess the accuracy of the annual fitted fractional cover estimates. To assess 
the results, we calculated the RMSE and coefficient of determination (R2) between model 
predictions and reference data, along with the slope and intercept of the linear relationship 





Figure 3.4. All reference samples across the Southern Cone of South America (a) and an example of a reference 
sample (b-c). Panel (b) provides spatial context for the sample and panel (c) shows the 3x3 Landsat pixel window 
as well as the 6x6 grid within the reference sample that aids in the interpretation of fractional cover.  
 
3.3 Results  
In this section, we present the accuracy assessment (subsection 3.1) and synthesize 
changes in the fractional cover of bare ground, herbaceous, and woody vegetation over the 
SCR (subsections 3.2 to 3.6). We present both the extent and the magnitude of change in 
vegetation cover at two scales of geographic aggregation: (1) for each of the three countries 
(Argentina, Uruguay, and Paraguay); and (2) based on 11 WWF ecoregions. Note that we 
do not report findings for all 11 WWF ecoregions. The Humid Pampas and the Andean 




cover, and woody vegetation, and the Paran Flooded Savanna was regularly flooded so we 
were less confident in the quality of our predictions there (Figure B2). All remaining eight 
WWF ecoregions are discussed below; due to space constraints, some of the figures 
associated with specific ecoregions are found in the supplementary materials and are not 
included in the main text (Figures B3-B7).  
To compute magnitude and area of fractional cover change, we only included pixels 
identified with statistically significant changes according to the BCP algorithm (p ≤ 0.05). 
For the rest of this paper, we refer to gain as an increase from 1999/2000 to 2018/2019 in 
the proportion (within a pixel or on average) of a given cover (i.e., woody, herbaceous, and 
bare ground) and to loss as a decrease in the proportion of a given cover. Since gain and 
loss are concomitant processes, we discuss our findings primarily in terms of gains. 
3.3.1 Assessment of remotely sensed sub-pixel cover fractions 
Figure 3.5 presents scatterplots of the relationship of annual fitted model estimates 
of fractional cover and change against reference data collected from high resolution remote 
sensing observations. For the comparison with annual values, there was generally strong 
agreement with reference data: R2 of 0.78 for herbaceous, 0.78 for woody and 0.79 for bare 
ground. Similarly, RMSEs were generally consistent: 12% for bare ground, 15% for 
herbaceous cover, and 14% for woody vegetation (Figure 3.5). Overall, model predictions 
tended to overestimate low cover fractions and underestimate high fractions relative to 
reference data (Figure 3.5). Comparison of estimated changes based on model predictions 
relative to changes from reference also reveal high agreement, with R2 values of 0.80 to 





Figure 3.5. Comparison between reference and estimated fractions for bare ground (a-b), herbaceous (c-d), and 
woody vegetation (e-f). Panels on the left show the agreement between annual fitted model estimates and 
reference data while panels on the right show the agreement between model and reference data estimates of 
change.  
 
3.3.2 Changes in vegetation cover and composition at national and subcontinental scales  
Since 1999, 87,507.2 km2 of the SCR experienced herbaceous gain, 74,636.4 km2 
experienced woody gain, and 31,354 km2 experienced bare ground gain (Figure 3.6, Table 
B2). The three processes of change impacted the different countries in the study area in 
different ways, with Paraguay showing the largest gain in herbaceous area (30891.7 km2), 




B2). As the largest and most heterogeneous of the three countries, Argentina experienced 
51,209.8 km2 and 52,455 km2 of gain in herbaceous and woody cover, respectively (Figure 
3.6, Table B2). 
 
Figure 3.6. National and subcontinental fractional cover gain expressed in percent of total area (a) and as area 
(km2) (b).  
 
3.3.3 Regional changes in bare ground, herbaceous, and woody vegetation  
While the overall changes in cover composition are substantial, their impact and 
significance primarily occur at regional scale. To illustrate, in this section we summarize 
the dominant changes we observed for individual ecoregions across the three main types 
of systems: forests, grasslands and deserts. Forest ecoregions exhibited the most 
herbaceous gain, with the Paraguayan Dry Chaco showing the highest magnitude of gain 
(51.6±1.4%) over a total of 18,555 km2 (Table B2). Desert ecoregions showed the highest 
magnitude of bare ground gain: 22.5±0.6% on average over a total of 15,930 km2 in the 
Patagonian Steppe and 19.8%±1% on average over a total of 5,494 km2 in the Low Monte. 
Lastly, woody gain was characteristic of both forest and grassland ecoregions. Specifically, 
the magnitude of woody gain in the Humid Chaco was 30.9%±1.4% on average over a total 
of 12,504 km2 and the magnitude of woody gain in the Uruguayan Savanna was 




Chaco and the Atlantic Forest experienced both the greatest magnitude of change and the 
greatest percent of area of change (Table B2).  
3.3.4 Forest ecoregions 
The Paraguayan Atlantic Forest, the Argentine Dry Chaco, and the Paraguayan Dry 
Chaco all experienced herbaceous gain with a concomitant loss of woody cover as the 
dominant LCLUC process in the 21st century (Figure 3.7, Figure B3). The average 
magnitude of herbaceous gain in the Atlantic Forest was 49.5±1.8% and occurred on 
7,807.4 km2 of the ecoregion’s area, making herbaceous vegetation the dominant land 
cover type since 2002 (Table B1, Table B2, Figure 3.7d). In both the Atlantic Forest and 
the Argentine Dry Chaco, the rate of herbaceous gain decreased in the second half of the 
time series (Figure 3.7d, Figure B3c). Conversely, the rate of herbaceous gain in the 
Paraguayan Dry Chaco was steep throughout the 20-year time period, which resulted in the 
ecoregion being dominated by herbaceous cover starting in 2010 (Figure 3.7c). The 
average magnitude of herbaceous gain was larger in the Paraguayan Dry Chaco (51.6 ± 
1.4%) compared to the Argentine Dry Chaco (43.4 ± 1.0%) (Table B1). Meanwhile, the 
extent of herbaceous gain was 24,084.3 km2 in the Argentine Dry Chaco compared 
18,555.7 km2 in the Paraguayan Dry Chaco (Table B2). The three ecoregions experienced 
similar compositional shifts with approximately 10-30% herbaceous cover in 1999 to 








Figure 3.7. Summary of change for the Paraguayan Dry Chaco and Atlantic Forest from 1999 to 2019: net 
change in fractional cover of herbaceous (a) and woody (b) vegetation; annual mean fractional cover and mean 
standard error (c, d); fractional cover of barren, woody and herbaceous vegetation for pixels that experienced 
gain in woody cover (e, f). In panels (e) and (f) each point (n=5000) represents the vegetation composition of a 
pixel in 1999/2000 and the colors represent the magnitude of gain in woody fraction over the 20-year study 
period. The ‘x’ represents the mean composition for all plotted pixels in 1999/2000 and the ‘+’ represents mean 
composition in 2018/2019. This figure shows only statistically significant changes.  
 
The Humid Chaco of Argentina and Paraguay, as well as the Espinal of Argentina, 
experienced a slow but steady increase in woody cover throughout the 20-year study period 
(Figure 3.8, Figure B4, Figure B5). By 2019, woody vegetation was the dominant cover 
type in the Humid Chaco, with average magnitudes of woody gain of 30.9±1.5% in 
Paraguay and 30.9± 1.4% in Argentina (Figure 3.8c, Figure B4c). Similarly, by 2019, the 
Espinal ecoregion was also dominated by woody cover, experiencing an average woody 
gain of 27.7±1.0% during the 21st century (Table B1, Figure B5c). Meanwhile, the extent 
of herbaceous gain was 6,424.4 km2 in the Argentine Humid Chaco and 6,079.7 km2 in the 
Paraguayan Humid Chaco (Table B2). In the Espinal, woody gain occurred on 9,753.4 km2 
in 20 years (Table B2). In all three ecoregions, pixels that experienced woody gain had 
similar trajectories of change and were characterized, on average, by a mixed composition 
at the beginning of the time series (woody: ~43%, and herbaceous cover: ~50%) (Figure 
3.8d, Figure B4d, Figure B5d). 
Unlike herbaceous gain, woody gain in forest ecoregions was not uniformly 
distributed. In the Argentine Humid Chaco, for example, patterns of woody cover 
expansion were prominent throughout the provinces of Santa Fe, Chaco, Formosa and 
Corrientes (Figure 3.8). In addition, Santiago del Estero and Formosa provinces exhibited 
expansion in herbaceous cover (Figure 3.8). Note that this trend of woody gain appears to 




precipitation in the Paraguayan Humid Chaco increased by approximately 8 mm per year. 
Northwestern departments of the Paraguayan Humid Chaco (i.e., Presidente Hayes and 
Alto Paraguay) experienced both extensive woody and herbaceous gain (Figure B4). The 
most affected provinces of the Espinal were Entre Ríos, Santa Fe, San Luis, and La Pampa 





Figure 3.8. Summary of change for the Argentina Humid Chaco from 1999 to 2019: net change in fractional 
cover of herbaceous (a) and woody (b) vegetation; annual mean fractional cover and mean standard error (c); 
fractional cover of barren, woody and herbaceous vegetation for pixels that experienced gain in woody cover (d). 
In panel (d) each point (n=5000) represents the vegetation composition of a pixel in 1999/2000 and the colors 
represent the magnitude of gain in woody fraction over the 20-year study period. The ‘x’ represents the mean 
composition for all plotted pixels in 1999/2000 and the ‘+’ represents mean composition in 2018/2019. This figure 





3.3.5 Grassland ecoregions 
Three sub regions within the Río de la Plata Basin experienced expansion in woody 
cover: Uruguayan Savanna, Argentine Mesopotamian Savanna, and Paran Flooded 
Savanna. The Uruguayan Savanna experienced high average magnitude (41.9±1.4%) and 
extent (7,787 km2) of woody gain since 1999 (Table B1, Table B2). Similarly, the average 
magnitude of woody gain in the Mesopotamian Savanna was 41.7±2.8%, corresponding to 
an expansion of 1,730 km2 (Table B1, Table B2). In both ecoregions, woody gain and 
associated herbaceous loss slowed after 2013 (Figure 3.9c, Figure B6c). However, there 
was a notable difference between the two ecoregions. Whereas the Mesopotamian Savanna 
was characterized by mixed composition with ~43% woody and ~54% herbaceous, on 
average, at the beginning of the time series but was dominated by woody cover (~62%) at 
the end of the time series, the herbaceous cover was the dominant cover type in Uruguayan 






Figure 3.9. Summary of change for the Uruguayan Savanna from 1999 to 2019: net change in fractional cover of 
herbaceous (a) and woody (b) vegetation; annual mean fractional cover and mean standard error (c); fractional 
cover of barren, woody and herbaceous vegetation for pixels that experienced gain in woody cover (d). In panel 
(d) each point (n=5000) represents the vegetation composition of a pixel in 1999/2000 and the colors represent 
the magnitude of gain in woody fraction over the 20-year study period. The ‘x’ represents the mean composition 
for all plotted pixels in 1999/2000 and the ‘+’ represents mean composition in 2018/2019. This figure shows only 
statistically significant changes. 
 
3.3.6 Desert ecoregions 




in bare ground of 22.5±0.6% and 19.8±1%, respectively (Table B1). In addition, the Low 
Monte experienced woody gains of 18.9±0.9% (Table B1). The modest increases in bare 
ground were associated with a 15,930.0 km2 increase in area occupied by bare ground in 
the Patagonian Steppe and 5,494.3 km2 in the Low Monte (Table B2). These two 
ecoregions experienced similar trajectories of change over the course of the study period, 
characterized by a steady decrease in herbaceous cover, and a steep decrease in woody 
cover at the beginning of the time series followed by a plateau in the case of the Patagonian 
Steppe, and by an increase in the case of the Low Monte, both associated with an opposite 
and complimentary trajectory of change in bare ground (Figure 3.10c, Figure B7c). 
In the Low Monte, spatial distribution of change was characterized by an expansion 
in bare ground from south to north in the middle of the ecoregion, and by woody gain in 
the east along the border with the Espinal ecoregion (Figure B7). In the Patagonian Steppe, 
the provinces of Neuquén and Río Negro experienced the greatest magnitude of bare 
ground gain (Figure 3.10). Locations that experienced change were characterized by mixed 
composition at the beginning of the time series (bare ground: ~31%, herbaceous: ~25%, 
woody: 44%) (Figure 3.10d). Since the overall magnitude of bare ground gain was modest 
compared to other LCLUC processes in the SCR, the resulting average cover composition 
at the end of the study period also reflected a mixture of cover fractions but with a larger 
proportion of bare ground (~56%) compared to 1999 (Figure 3.10d). Observed changes in 
land cover appeared to reflect changes in precipitation. On average, precipitation decreased 





Figure 3.10. Summary of change for the Patagonian Steppe from 1999 to 2019: net change in fractional cover of 
herbaceous (a) and woody (b) vegetation; annual mean fractional cover and mean standard error (c); fractional 
cover of barren, woody and herbaceous vegetation for pixels that experienced gain in woody cover (d). In panel 
(d) each point (n=5000) represents the vegetation composition of a pixel in 1999/2000 and the colors represent 
the magnitude of gain in woody fraction over the 20-year study period. The ‘x’ represents the mean composition 
for all plotted pixels in 1999/2000 and the ‘+’ represents mean composition in 2018/2019. This figure shows only 
statistically significant changes. 
 
3.4. Discussion 
Using satellite-derived fractional cover estimates, we were able to assess vegetation 
changes in a diverse set of ecosystems across the subcontinent, including changes in 
landscape composition, spatial patterns of vegetation distribution, and vegetation cover and 
density. In general, our estimates of change are consistent with results from previous 
LCLUC studies at local-to-continental scale. For example, both continental and global 




Argentina and Paraguay have experienced extensive and rapid deforestation (Graesser et 
al., 2015; Hansen et al., 2013; Song et al., 2018). Furthermore, results from Song et al. 
(2018) also show loss of vegetation cover in the Patagonian Steppe, and results from 
Hansen et al. (2013) also identify reforestation in Uruguay. In addition, at local-to-regional 
scales, both remote sensing-based and field-based studies have identified loss of tree cover 
in the Paraguayan Atlantic Forest (Da Ponte et al., 2017; Huang at el., 2007, 2009; Richards 
2011) and the Dry Chaco of Argentina and Paraguay (Fehlenberg et al., 2017; Gasparri & 
Grau, 2009; Gasparri et al., 2013; Grau et al., 2005; Vallejos et al., 2015), vegetation loss 
in the Patagonian Steppe of Argentina (Mazzonia & Vazquez, 2009; Paruelo et al., 2004; 
Verón & Paruelo, 2010), plantations in Uruguay (Redo et al., 2012), woody encroachment 
in the Espinal of Argentina (Cabido et al., 2018; Guida-Johnson & Zuleta, 2013; Lewis et 
al., 2009), and complex vegetation dynamics of the Low Monte in Argentina (Villagra et 
al., 2009).  
However, as far as we know, this is the first study to provide a comprehensive 
assessment of LCLUC at 30-m spatial resolution with continuous observations of bare 
ground, woody vegetation, and herbaceous cover (as opposed to a discrete classification) 
across all ecoregions in the SCR. In addition to describing LCLUC processes in greater 
detail across ecoregions, we also identify previously underreported gradual landscape 
changes, including woody gain in the Humid Chaco, the Espinal, and the Low Monte 
ecoregions, as well as bare ground gain in the Low Monte. While expansion of herbaceous 
cover is the dominant LCLUC process in the Dry Chaco and the Atlantic Forest as a result 




LCLUC process in the majority of ecoregions in the SCR as a result of afforestation 
(plantations in grassland ecoregions) and reforestation (woody encroachment/forest 
regeneration in forested and arid ecoregions). Lastly, the Patagonian Steppe of Argentina 
is the only ecoregion where the dominant LCLUC process is bare ground gain, especially 
in the northwest where there is evidence of a drought.  
Assessment of our mapped estimates against reference data demonstrates that our 
model successfully distinguishes among bare ground, herbaceous cover, and woody 
vegetation, and changes therein over time (Figure 3.5). Similar to other studies, our model 
overestimates low fractional cover and underestimates high fractional (see Huang et al., 
2016; Okujeni et al., 2013, 2017; Suess et al., 2018). For bare ground, disagreement 
between estimated and reference fractions are commonly due to confusion with wetlands, 
which dry up on seasonal-to-annual time scales. Some errors can be attributed to 
uncertainty in the reference data. For example, at very low and very high fractional cover, 
it can be difficult to visually estimate the fraction with high accuracy.  
3.4.1 Forest ecoregions  
Forests in the SCR experienced two dominant LCLUC trajectories: woody gain and 
herbaceous gain. For example, the Dry Chaco and the Atlantic Forest of Argentina and 
Paraguay experienced herbaceous gain and concomitant woody loss in the last two decades 
as a result of deforestation and forest degradation (Figure 3.7, Figure B3). These 
widespread LCLUC transitions are the result of large-scale clearing for agriculture (i.e., 
soybeans) in the Atlantic Forest and the Argentine Dry Chaco (Da Ponte et al., 2017; 




Paraguayan Dry Chaco (Graesser et al, 2015), and transition from pastureland to cropland 
across ecoregions and countries (Graesser et al, 2015). While both the Dry Chaco and the 
Atlantic Forest of Paraguay are now dominated by herbaceous cover, the Dry Chaco has 
emerged as a new deforestation frontier in Paraguay with the highest magnitude of gain in 
herbaceous cover (51.6 ± 1.4%) and highest area of change (18,555.7 km2) (Table B1, 
Table B2). The high rate and large extent of deforestation and forest degradation in the 
Chaco and Atlantic forests in the 21st century has led to increased landscape fragmentation 
(Gasparri & Grau, 2009) and carbon emissions (Gasparri et al., 2008; Baumann et al., 
2017), two processes that have implications for regional biodiversity as well as global 
climate change.  
The Humid Chaco of Argentina and Paraguay, on the other hand, is characterized 
by heterogeneous changes across the ecoregion with both woody and herbaceous gain 
(Figure 3.8, Figure B4). In both countries, herbaceous gain as a result of deforestation or 
forest degradation, is located in the west where the Humid Chaco borders the Dry Chaco 
(Figure 3.8, Figure B4). Whereas woody gain in the east of the Argentine Humid Chaco is 
due to plantations (Lacorte et al., 2016, pp. 9-39), woody gain throughout the rest of the 
Humid Chaco is the result of woody encroachment and/or forest regeneration as a result of 
excessive grazing, which, in combination with a decrease in fires, has resulted in 
widespread invasion of woody species (Cabral et al., 2003). Moreover, in the Paraguayan 
Humid Chaco, which has the highest woody gain, precipitation has increased over the last 
two decades by approximately 8 mm per year. Woody expansion across this ecoregion is 




and forest degradation (Table B1, Table B2). Similarly, the Espinal is also characterized 
by woody encroachment (Cabido et al., 2018; Guida-Johnson & Zuleta, 2013; Lewis et al., 
2009) that has been more widely documented compared to encroachment in the Humid 
Chaco (but see Cabral et al., 2003) (Figure B5). Woody gain across these ecoregions 
generally tends to occur in locations characterized by mixed composition where existing 
woody cover can facilitate woody plant recruitment (Figure 3.8, Figure B3, Figure B4) 
(Archer et al., 2017, pp. 25-84). The shift in these ecoregions from herbaceous to woody 
vegetation in the 20-year study period has severely limited livestock production due to 
overall reduction in palatable forage (Cabral et al., 2003; Ledesma et al., 2018).  
3.4.2 Grassland ecoregions  
Uruguayan and Mesopotamian savannas of the Río de la Plata Basin are 
characterized by widespread, relatively high magnitude (41.9±1.4 and 41.7±2.8, 
respectively) woody gain as a result of the proliferation of industrial scale pine and 
eucalyptus plantations (Redo et al., 2012) (Table B1). Afforestation in these ecoregions 
was incentivized by government policies and regional economic drivers until about 2010 
(Redo et al., 2012), after which our results indicate a slowdown in woody gain and 
stabilization of fractional woody cover (Figure 3.9, Figure B6). Nevertheless, more than 
7,787.3 km2 of grasslands in Uruguay were transformed to pine and eucalyptus plantations 
since 1999. The large-scale replacement of grasslands with a tree monoculture has led to 
reduced streamflow (Engel et al., 2005; Jobbágy and Jackson, 2004), and salinization and 
acidification of soils and streams (Farley et al., 2008; Jobbágy and Jackson, 2003) in the 




3.4.3 Desert ecoregions 
Desert ecoregions in Argentina show signs of degradation, which are manifested as 
gains in bare ground (desertification) and woody cover (woody encroachment) as a result 
of climate and anthropogenic drivers, including reduced precipitation, overgrazing, fire 
suppression, and proliferation of exotic woody species (Busso & Bonvissuto, 2009; Kröpfl 
et al., 2013; Mazzonia & Vazquez, 2009; Lewis et al., 2009; Valle et al., 1998; Villagra et 
al., 2009). In particular, these ecoregions are sensitive to climate with low resilience and 
resistance to disturbances such as overgrazing and precipitation deficits (Stanimirova et al., 
2019). Woody encroachment and desertification in the last two decades are slow, low 
magnitude (18.9± 0.9% and 22.5± 0.6%, respectively) processes of gradual LCLUC 
transitions, which often happen within land cover classes over the course of decades (Table 
B1).  
While the Patagonian Steppe shows a slowdown in bare ground gain in the second 
half of the time series, the Low Monte experienced a trend reversal from bare ground gain 
to loss (Figure 3.10, Figure B7). Despite reduction in stocking density over the last few 
decades, desertification in the Patagonian Steppe has not reversed, although it may have 
slowed, because vegetation recovery is likely constrained by permanent changes in 
landscape configuration and because of decreasing precipitation at a rate of approximately 
2mm/year (Mazzonia & Vazquez, 2009; Gaitán et al., 2014; Oliva et al., 2019; Valle et al., 
1998). In the Low Monte, on the other hand, slow recovery of vegetation over the second 
half of the time series could be due to widespread fires in the region in 2004 and 2005, 




cover in these ecoregions has led to directional shifts in the composition of plant 
communities because Argentine deserts have low resilience and resistance, which means 
that they struggle to recover from disturbances and are vulnerable to state transitions 
(Gaitán et al., 2015; Stanimirova et al., 2019; Villagra et al., 2009).  
5. Conclusion  
Our results provide a comprehensive characterization of temporal dynamics and 
trajectories of change for both abrupt and more gradual and subtle transitions in vegetation 
cover and bare ground across a large latitudinal and climate gradient in the SCR. Although 
some of these LCLUC trajectories were documented before, others have not been because 
previous studies used coarse spatial resolution land cover classification that did not detect 
subtle changes within land cover categories. Specifically, the results of this study provide 
an understanding of the LCLUC on the subcontinent beyond the (widely studied) process 
of deforestation, to fill a critical gap in understanding the shifting character of grasslands 
and desert ecoregions of the SCR.  
Our results show that shifts in vegetation cover and bare ground in the SCR are 
widespread and have the potential to substantially impact carbon, water, and energy cycles, 
and the provision of ecosystem services. This assessment of LCLUC, especially for 
heterogeneous and marginal landscapes, provides a foundation for future research to 
identify potential tipping points and opportunities to avoid unfavorable transitions between 
ecosystem states. Monitoring gradual and subtle landscape changes in natural and managed 
ecosystems can help support efforts to identify and avoid degradation, and aid policies 




should quantify the degradation of the region explicitly, connecting satellite-derived 
fractional vegetation cover with other indicators of decline such as changes in productivity. 
Lastly, quantification of woody gain and loss across the subcontinent can be used to 
improve models of the carbon budget in the SCR of South America, and more generally, 







CHAPTER 4: Satellite-based Estimates of Land Degradation Across Ecoregions in 
the Southern Cone of South America in Support of the 2030 Agenda for Sustainable 
Development  
4.1 Introduction  
Land degradation occurs on over one quarter of the Earth’s ice-free land area and 
adversely affects the livelihoods of 1.3 to 3.2 billion people (Bai et al., 2008; Barbier & 
Hochard, 2016, 2018; ELD Initiative 2015; Olsson et al., 2019; Webb et al., 2017). Further, 
land degradation has intensified in the 21st century a result of unprecedented human 
intervention and increased demand for resources and services provided by terrestrial 
ecosystems (Cowie et al., 2018, Dong et al., 2019, ELD Initiative 2015). The resulting 
decline in health and productivity of global lands negatively affects biodiversity, provision 
of ecosystem services, and food security, and decreases the resilience of land systems to 
joint stresses imposed by climate change and a growing world population (Cowie et al., 
2018, ELD Initiative 2015). Despite well-known linkages among land degradation, climate 
change and biodiversity loss, three of the most urgent challenges to humanity in the 21st 
century, degradation has attracted much less attention relative to climate change and 
biodiversity loss (Herrick et al., 2013; Willemen et al., 2020). There is currently no 
established basis for assessing degradation in a globally consistent manner, largely because 
there is no standardized way of measuring land degradation and there is a disconnect in 
time and space between the causes (e.g., demand for food and animal products) and 




Land degradation is a progressive process that often occurs over decades, and is 
generally manifested by changes in biophysical attributes including vegetation cover, life-
forms, soil quality, landscape configuration, and productivity (Bai et al., 2008; Gibbs & 
Salmon, 2015; González-Roglich et al., 2019; Higginbottom & Symeonakis, 2014; 
Washington-Allen et al., 2006). Because remote sensing observations allow for large scale, 
consistent, repeatable, and cost-efficient measurement of biophysical indicators, they are 
well suited for evaluation and monitoring of degradation over large areas (González-
Roglich et al., 2019). Indeed, vegetation indices (e.g., the normalized difference vegetation 
index (NDVI)) derived from time series of satellite imagery have been widely used for 
decades as a proxy for land degradation (Archer 2004; Bai et al., 2008; Burrell et al., 2017; 
Easdale et al., 2018; Eckert et al., 2015; Evans & Geerken, 2004; Fensholt et al., 2012; 
Gaitán et al., 2015; Herrmann et al., 2005; Metternicht et al., 2010; Washington-Allen et 
al., 2006; Wessels et al., 2007). However, these studies tend to be case- and site-specific, 
and since land degradation is multifaceted and affects ecosystems through simultaneous 
changes in several different components, monitoring it using a single indicator such as the 
NDVI is challenging (González-Roglich et al., 2019). In fact, at regional-to-global scales, 
high quality data sets and understanding regarding the location, area, and condition of 
degraded lands are unavailable because of missing and unreliable information and 
inconsistent definitions regarding the conditions that constitute degradation (Gibbs & 
Salmon, 2015; Willemen et al., 2020). As a result, global estimates disagree about both the 
total degraded area (1-6 billion ha) and its spatial distribution (Gibbs & Salmon, 2015; 




To address the barriers related to measuring degradation, to restore the health of 
land systems, and to address the importance and impacts of global land degradation, the 
United Nations (UN) General Assembly declared 2021 to 2030 as the Decade on 
Ecosystem Restoration. In particular, the aim of UN Sustainable Development Goal 15 is 
to “combat desertification and halt and reverse land degradation.” According to the United 
Nations Convention to Combat Desertification (UNCCD), land degradation is defined as 
“any reduction or loss in the biological and economic productive capacity of the land 
resource base” that is “caused by human activities, exacerbated by natural processes.” 
Land degradation neutrality (LDN), a state wherein the amount and quality of land 
resources remain stable or increase, seeks to maintain or enhance land-based natural capital 
by reducing the rate of land degradation and restoring the productivity and provision of 
ecosystem services in lands that have previously been degraded (Cowie et al., 2018). As a 
result, LDN is a requirement for achieving multiple SDGs related to food security and the 
sustainability of natural resource use (Dong et al., 2019).  
To improve data and understanding related to land degradation from an ecosystem 
perspective and link land cover and land use change to changes in ecological state using 
satellite observations, the Trends.Earth platform was established by Conservation 
International (http://trends.earth/docs/en/). One of the goals of Trends.Earth is to 
implement a tool that can be used to quantify the key indicator used to assess progress 
towards achieving SDG 15.3.1: the “proportion of land that is degraded over total land 
area.” In this approach, the satellite-derived sub-indicators used to determine the 




stocks (González-Roglich et al., 2019, Cowie et al., 2018). These sub-indicators are 
designed to be complementary: land cover is responsive to land use dynamics, land 
productivity captures relatively fast changes in ecosystems, and organic soil carbon reflects 
slow changes and the net effects of biomass change and disturbance (Cowie et al., 2018). 
A key challenge, however, is that degradation is a continuous process not a discrete state 
(Chasek et al., 2015, Zucca et al., 2002), and efforts to characterize it have not produced 
regionally or globally consistent area estimates of degradation and degradation reversal. 
By accounting only for land cover change (i.e., as opposed to more subtle and gradual 
changes in vegetation composition over time), the current degradation framework does not 
directly monitor changes in ecosystem composition and structure, which control the ability 
of landscapes to provide ecosystem services. Hence, a need exists for new methods and 
data sets that provide more nuanced and resolved characterization and assessment of 
degradation as a function of land cover and land use change.  
To address this need, the primary goal of this study is to quantify the magnitude 
and extent of land degradation in the Southern Cone of South America. We focus on South 
America because it has experienced significant land cover and land use change in the 21st 
century as a result of widespread agricultural expansion and intensification (Graesser et al., 
2015), and desertification (Verón & Paruelo, 2010, McConnel et al., 2007, Verón et al., 
2018, Teich et al., 2019). In addition, our study domain spans a large latitudinal gradient 
in climate and includes a multitude of land cover and land use types, highlighting 
degradation processes outside of the well-studied forested and arid ecoregions. An 




afforded by Landsat imagery provide a substantially enhanced basis for estimating land 
degradation relative to current practices, which are generally based on coarser spatial 
resolution remote sensing data. To achieve both goals, here we use 30 m Landsat imagery 
to map continuous estimates of vegetation cover, composition, and density, and quantify 
the trajectory and magnitude of landscape change in a way that accurately captures changes 
in land-based natural capital from 1999 to 2019. One of the challenges in implementing 
SDG 15 is classifying land use and land cover change (Chasek et al., 2015). To address 
this, here we use a somewhat different approach to the method supported in Trends.Earth 
that uses estimated changes in the fractional cover of bare ground, herbaceous vegetation, 
and woody vegetation in addition to changes in land cover classes. By doing so, our 
approach provides a more ecologically realistic and nuanced representation of land cover 
change. 
4.2 Materials and Methods  
4.2.1 Study Region 
The Southern Cone of South America typically refers to Argentina, Chile, and 
Uruguay. However, for this work, we included Paraguay but excluded Chile, and focusing 
on landscapes east of the Andes in Argentina (Figure 4.1). Hereafter, we refer to this simply 
as the Southern Cone region (SCR). The SCR is extensive and heterogeneous, and includes 
a complex mosaic of vegetation and climate types. It is characterized by tropical climate in 
the north, arid climate in the south, and temperate climate in the central and eastern portions 
of the region (Paruelo et al., 1995). Our study domain covers roughly 2,650,231 km2, and 




(Robinson et al., 2018) and 11 different World Wildlife Fund (WWF) terrestrial ecoregions 
(Olson et al., 2001). It includes forests in Paraguay, central and northern Argentina (i.e., 
Gran Chaco, Atlantic Forest), temperate grasslands and croplands in Uruguay and eastern 
Argentina (i.e., Humid Pampas, Uruguayan Savanna), and arid and semi-arid grasslands 
and shrublands in southern Argentina (i.e., Patagonian Steppe, Low Monte) (Figure 4.1). 
Note that as a result of low data volume and quality or computational limitations, we didn’t 
map the entire extent of Argentina and Paraguay. In total, our study covered 74% of 
Argentina (Figure 4.1). In particular, our study didn’t include the southern reaches of the 
Patagonian Steppe, the Valdivian Temperate Forest, the Alto Paran Atlantic Forest, and 
Andean ecoregions (Central Andean Puna, Central Andean Dry Puna, High Monte, 
Southern Andean Steppe and parts of Southern Andean Yungas). Similarly, our study did 
not include all of Paraguay (96%), because it excluded the Pantanal and the Cerrado 





Figure 4.1. Land cover in the Southern Cone of South America (from Graesser et al., in prep).  
 
4.2.2 Implementation of the SDG 15.3 Analysis Framework 
As we describe above, degradation is defined based on the “proportion of land that 
is degraded over total land area”, which is assessed based on three sub-indicators: land 
productivity, land cover, and soil organic carbon (Cowie et al., 2018; González-Roglich et 
al., 2019). In this study, we focused on land productivity and land cover, and did not include 
soil organic carbon because time series data were not available to support quantification of 
change (Hengl et al., 2017). The methodology for calculating sub-indicators for achieving 
SDG 15.3 is described in detail by González-Roglich et al. (2019) and on the Trends.Earth 




framework at two different spatial scales: (1) at 300 m spatial resolution using the 
Trends.Earth online platform; and (2) at 30 m spatial resolution, reproducing a version of 
Trends.Earth workflow at higher spatial resolution in an implementation we hereafter refer 
to as the Landscape Degradation Assessment Model (LDAM) (Table 4.1). In this sub-
section, we describe the general SDG 15.3 framework for assessing degradation as it was 
implemented in this study. In the following sub-sections, we describe the Trends.Earth and 
LDAM approaches separately to highlight the differences between the two.  
Table 4.1. Data sources used in Trends.Earth and in the Landscape Degradation Assessment Model (LDAM) we 
developed in this study.   
Sub-
indicators 
































300 m 30 m 
* MODIS MOD13Q1 Collection 6 Normalized Difference Vegetation Index  
** Landsat-derived 2-band Enhanced Vegetation Index  
† European Space Agency Climate Change Initiative 
 
Land productivity, the first sub-indicator, was assessed using three measures of 
change in time series of remotely sensed vegetation indices (VI): trajectory, performance, 
and state (González-Roglich et al., 2019). Remotely sensed VIs have been widely used as 
surrogates for vegetation productivity because they are correlated with the green leaf area 
and the fraction of photosynthetically active radiation absorbed by vegetation canopies 
(Asrar et al., 1984, Myneni et al., 1995, Zhou et al., 2003). While the VI trajectory 




2001-2019), the state assesses more recent changes in productivity by comparing current 
VI values (e.g., mean VI for 2017-2019) against a historical baseline (e.g., mean VI for 
2001-2016). Changes identified by the state sub-indicator can result from transient short-
term changes (i.e., drought) or from emerging long-term changes that are not yet captured 
by the trajectory sub-indicator (González-Roglich et al., 2019). Lastly, the performance 
sub-indicator is designed to assess land productivity over space by calculating the ratio of 
mean VI against maximum VI (90th percentile) achieved in ecologically similar units, 
which are determined based on a combination of soil taxonomy suborders and land cover 
classes (González-Roglich et al., 2019; Hengl et al., 2017; http://trends.earth). 
Each of the three productivity sub-indicators was evaluated to determine its impact 
on degradation. For example, if the VI trajectory, which was based on a linear trend 
analysis, showed significant decline (p < 0.05), a pixel was classified as degraded. 
Conversely, if the VI trajectory showed significant increase (p < 0.05), a pixel was 
categorized as improved. For the state sub-indicator, annual VI values (i.e., integral or 
mean) were used to compute the frequency distribution at each pixel for a baseline period 
(e.g., 2001-2016), which was then used to bin the VI data into decile classes. For a given 
pixel, if the difference in the decile class for mean VI in the comparison period (e.g., 2017-
2019) was ≤ -2 relative to the decile of the mean VI during the baseline period, the pixel 
was classified as degrading, if the difference was ≥ 2, it was categorized as improving 
(http://trends.earth). For the performance sub-indicator, if the 20-year mean VI in a given 
pixel was less than 50% of the maximum VI for the ecological unit it belonged to 




degrading (http://trends.earth). The second sub-indicator (land cover) was assessed based 
on observed vegetation dynamics specific to different WWF ecoregions. Specifically, land 
cover change matrices for each ecoregion were interpreted to determine whether transitions 
corresponded to degradation, improvement, or no change in land quality (Tables C2-C7).  
Land productivity and land cover sub-indicators were aggregated into a single SDG 
15.3.1 indicator of degradation using a two-step approach (Table 4.2, Table 4.3). Because 
the sub-indicators are complimentary, we combined them using a “one-out, all-out” rule, 
where if one sub-indicator showed a negative change, the pixel was considered to be 
degraded/degrading, even if the rest of the sub-indicators were positive (González-Roglich 
et al., 2019). We used a two-step process to assign each pixel to one of five categories: 
degraded, degrading, stable, improving, improved. First, degraded and improved 
categories were determined based on the land cover change and vegetation index trajectory 
sub-indicators (Table 4.2). Second, degrading and improving categories were identified 
based on the vegetation index state, performance, and sub-pixel fractional cover change 
sub-indicators (Table 4.3). This second step was applied only to pixels that exhibited no 
land cover change and showed no statistically significant trajectory trend (p<0.05) over the 









Table 4.2. Rules for aggregating land cover and productivity trajectory sub-indicators into a single estimate of 
the SDG 15.3.1 indicator for degraded and improved land.  
Sub-indicators Status 
Combined Status   Trajectory  Land Cover 
+ + Improved 
+ - Degraded 
+ Stable Improved 
- + Degraded 
- - Degraded 
- Stable Degraded 
Stable + Improved 
Stable - Degraded 
Stable  Stable Stable 
 
Table 4.3. Rules for aggregating fractional vegetation cover and productivity state and performance sub-
indicators into a single estimate of the SDG 15.3.1 indicator for degrading and improving lands. Note that the 
fractional analysis sub-indicator was used only in the Landscape Degradation Assessment Model (LDAM) we 
developed in this study. 
Sub-indicators Status Combined Status 
  State Performance Fractional cover 
+ - - Degrading 
+ Stable Stable Improving 
+ - + Degrading 
+ Stable - Degrading 
+ - Stable Degrading 
+ Stable + Improving 
- - - Degrading 
- Stable Stable Degrading 
- - + Degrading 
- Stable - Degrading 
- - Stable Degrading 
- Stable + Degrading 
Stable - - Degrading 
Stable Stable Stable Stable 
Stable - + Degrading 
Stable Stable - Degrading 
Stable - Stable Degrading 





4.2.3 Trends.Earth Analysis  
Trends.Earth is an open source platform created by Conservation International to 
evaluate degradation based on the LDN framework as part of SDG 15.3 (Conservation 
International, 2020, González-Roglich et al., 2019). Using the Trends.Earth platform we 
calculated sub-indicators for the SCR of South America (Table 4.4). The productivity sub-
indicator (trajectory, state, and performance) in Trends.Earth was based on Normalized 
Difference Vegetation Index (NDVI) data from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) at 250 m spatial resolution (Table 4.4). The trajectory sub-
indicator was computed based on a linear regression of the annual integral of NDVI at each 
pixel against time, using a Mann-Kendall test to identify areas experiencing statistically 
significant trends in productivity (González-Roglich et al., 2019). For the state sub-
indicator, we used 2017 to 2019 as the comparison period and 2001 to 2016 as the baseline 
period (Table 4.4). The land cover sub-indicator was estimated using the European Space 
Agency’s (ESA) Climate Change Initiative (CCI) land cover and land cover change 
product (ESA, 2017) at 300 m spatial resolution (Table 4.4), where ESA CCI land cover 
maps were reclassified to the seven land cover classes used for reporting to the UNCCD: 
forest, grassland, cropland, wetland, developed area, bare ground and water (Table C1). 
Land cover change was assessed based on the difference in land cover between 2001 versus 
2019. In order to combine productivity and land cover into a single SDG 15.3.1 indicator 
we resampled MODIS NDVI data to 300 m spatial resolution using nearest neighbor 
resampling. Note that results based on Trends.Earth did not include sub-pixel fractional 




estimated by this tool.  
4.2.4 Land degradation assessment model  
We implemented the Trends.Earth methodology, as described above, with six 
important refinements. First, instead of using annual NDVI integrals from MODIS and 
land cover from the ESA CCI product, at 250 m and 300 m spatial resolution, respectively, 
we used mean annual two-band enhanced vegetation index (EVI2) and land cover 
(Graesser et al., in prep) at 30 m spatial resolution from Landsat (Table 4.4). Second, we 
modified the Trends.Earth land cover sub-indicator to include within-class changes in 
fractional vegetation cover and bare ground (Stanimirova et al., in prep), in addition to 
discrete changes in land cover (Table 4.4). The impacts of fractional cover changes on land 
quality (degrading versus improving) were assessed based on WWF ecoregion-specific 
rules, specified in Tables C8-C10. Third, to identify trends in the productivity trajectory 
sub-indicator we used Theil-Sen trend analysis (as opposed to a simple regression), which 
calculates the slopes of multiple randomized subsets of data at each pixel using bootstrap 
resampling, because Theil-Sen estimates are robust, resistant to outliers, and yield accurate 
confidence intervals (Sen 1986; Theil 1950) (Table 4.4). Fourth, we limited the 
productivity performance analysis to only include pixels that had not experienced any land 
cover change over the 20-year study period, as opposed to using all available pixels, to 
determine the maximum VI in each ecological unit. Fifth, our study period extended back 
to 1999 (as opposed to 2001), which enabled us to estimate trajectory over a 20-year time 
period as opposed to an 18-year time period. As a result, in our approach the baseline time 




the case of Trends.Earth (Table 4.4). Note that we defined each year as beginning and 
ending on July 1st, consistent with the timing of seasonality in South America (Graesser et 
al., in prep; Stanimirova et al., in prep). Lastly, the Landsat-based land cover sub-indicator 
analysis included a shrubland category, which was not included in the seven land cover 
classes used for reporting to the UNCCD. These changes were implemented to improve 
the spatial, temporal, and thematic detail of what could be detected in the SCR.  
Table 4.4. Comparison of methods utilized in Trends.Earth versus the Landscape Degradation Assessment 
Model (LDAM) for the productivity and land cover sub-indicators. 
 Trends Earth LDAM 
 Productivity Land cover Productivity Land cover  
































ESA CCI† land 




cover & USDA 
Soil Taxonomy* 
N/A 
† European Space Agency Climate Change Initiative 
* United States Department of Agriculture (USDA) Soil Taxonomy suborders 
 
4.2.5 Comparison Between Trends.Earth and LDAM 
We compared the SDG 15.3.1 indicator of degradation generated by the 
Trends.Earth platform against the degradation indicator from LDAM, which had improved 
spatial resolution and characterization of change within land cover classes. Specifically, 
we compared the amount and geography of degraded area across each of the three countries 




proportion of land in each of the six categories generated by Trends.Earth and LDAM 
(degraded, degrading, stable, improved, and improving) over the total land area. While the 
degraded and improved categories characterize changes that have already occurred, the 
degrading and improving categories identify early signs of ongoing change in land quality.  
4.3 Results  
4. 3.1 Overview  
During the last two decades, 67.5% of the total land area in the SCR experienced 
measurable changes in land condition, with improved or improving areas exceeding 
degraded or degrading areas by a factor of 2. Specifically, 562,019.7 km2 (16.8%) of the 
total land area in the SCR experienced degradation of which 320,632.7 km2 (9.6%) were 
degraded and 241,387.0 km2 (7.2%) were degrading (Figure 4.2, Table C11). Concurrently, 
803,672.5 km2 (23.9%) and 899,467.2 km2 (26.8%) were improved or improving (Figure 
4.2, Table C11). Degradation and improvement processes had different extents and 
intensities across the study area, with Argentina being the largest and most heterogeneous 
of the three countries (Figure 4.2, Table C11). Improvement was widespread across 
Argentina with 47.8% of its total area either in the process of improving or already 
improved (Figure 4.2, Table C11). In Paraguay and Uruguay, improvement (improved and 
improving) was the dominant process across the landscape, comprising 64.5% and 66.3% 
of the total land area in each country, respectively (Figure 4.2, Table C11). Paraguay had 
the highest proportion of degradation, with 15.7% of the country degraded, followed by 




highest percentage of total area (7.4%) followed by Paraguay (6.2%) and Uruguay (5.9%) 
(Figure 4.2, Table C11).  
 
Figure 4.2. Percent of total land area that changed or remained stable over the last two decades in Argentina, 
Paraguay, and Uruguay. Note that our study doesn’t include all ecoregions of Argentina or Paraguay (see 
methods). Hence, the percentages don’t add up to 100% for each of those two countries.  
 
The extent and intensity of degradation and improvement also varied within and 
across WWF ecoregions. Forested ecoregions exhibited the most extensive improvement, 
with the Paraguayan Dry Chaco showing the highest percentage of improved land area 
(54.6%). Moreover, arid ecoregions showed early signs of improvement, with the Low 
Monte improving the most (52.0%) (Table C12). Across all ecoregions, savannas degraded 
the most over the last two decades, and savanna and arid and semi-arid ecoregions had the 
most land area currently degrading (Table C12). Overall, we identified the following 
ecoregions as hotspots of degraded land: the Atlantic Forest (21.4%), the Paraguayan Dry 




addition, the Patagonian Steppe (10.6%), the Atlantic Forest (12.1%), and the Paran 
Flooded Savanna (13.0%) had high proportions of land area in the process of degrading 
(Table C12). 
4.3.2 Geographic patterns of improvement and degradation in the Southern Cone  
Degradation across the SCR was mostly concentrated along the deforestation 
frontiers in Paraguay and northern Argentina, including the Dry Chaco and the Atlantic 
Forest (Figure 4.3a-b). Grasslands in Uruguay (i.e., Uruguayan Savanna) and Argentina 
(i.e., Humid Pampas) were also hotspots of degradation as a result of agricultural expansion 
and intensification (e.g., Figure 4.3c-d). Furthermore, parts of central and most of the 
northern Espinal, a dry forest and savanna ecoregion, were extensively degraded over the 
last 20 years as a result of spillover agricultural expansion across the border from the 
Humid Pampas, an ecoregion that is extensively used for agriculture and cattle grazing 
(Figure 4.3d). Lastly, the northwestern Patagonian Steppe experienced hotspots of 
degradation that were surrounded by areas in the process of degrading (Figure 4.3e), 
possibly in response to an increase in precipitation of 1.8 mm per year over the last two 
decades.  
In contrast to the hotspots of degradation described above, improved and improving 
land categories were widespread across the SCR (Figure 4.3). Improvements were largely 
driven by statistically significant positive EVI2 trajectories (vegetation greening) over the 
last two decades (Figure C2). Specifically, undisturbed forested ecoregions experienced 
widespread improvement (e.g., Humid and Dry Chaco, Atlantic Forest) (e.g., Espinal) 




positive trend in precipitation of approximately 8 mm per year over the last 20 years. In 
addition, grasslands in the eastern savannas of the study domain experienced widespread 
improvement and the arid ecoregions of the Low Monte and the Patagonian Steppe were 
dominated by improving and improved lands, respectively (Figure 4.3).  
 
Figure 4.3. Landscape Degradation Assessment Model (LDAM) map of the Sustainable Development Goal 
15.3.1 degradation indicator for the Southern Cone of South America from 1999 to 2019 at 30 m spatial 
resolution. Panel (b) shows degradation in the western part of the Argentine Dry Chaco, panel (c) shows land 
degradation in the western part of the Uruguayan Savanna, panel (d) shows degradation across the border from 
the Humid Pampas (right) to the Espinal (left), and panel (e) shows the northwestern region of the Patagonian 
Steppe, which is in the process of degrading.  
 
4.3.3 Administrative units and land cover types at risk of degradation  
In addition to characterizing the general patterns of land degradation and 
improvement across the SCR, we also identified land cover types that are currently under 




and reverse future degradation. To do this, we focused on locations that did not experience 
statistically significant negative EVI2 trends (vegetation browning) or a change in land 
cover type, but which nevertheless showed early signs of degradation (Figure 4.3). In terms 
of land cover, 2.6% (85,929 km2) of the total area of the SCR was identified as degrading 
shrublands and 1.7% (57,812 km2) was identified as degrading grasslands. Shrublands in 
the arid and semi-arid ecoregions of Argentina had the largest proportional area under 
threat of degradation, with 7.9% (27,473 km2) and 6.7% (34,982 km2) of the Low Monte 
and the Patagonian Steppe identified as degrading, respectively (Figure 4.4). Grasslands, 
on the other hand, were mapped as degrading the most frequently in forested and savanna 
ecoregions, even when they didn’t constitute the dominant land cover type. Specifically, 
5.8% (5,024 km2) of the Atlantic Forest, 3.9% (11,200 km2) of the Humid Chaco, 4% 
(15,970 km2) of the Humid Pampas, and 3.6% (6,426 km2) of the Uruguayan Savanna were 
comprised of degrading grasslands (Figure 4.4). Surprisingly, with the exception of the 
Atlantic Forest (3.5%; 3,031 km2) and Paran Flooded Savanna (7.4%; 2,743 km2) 
ecoregions, forests showed relatively low levels of ongoing degradation. Lastly, the 
Patagonian Steppe was the only ecoregion in the study domain to exhibit substantial area 
of degrading bare ground (3.3%; 17,270 km2) (Figure 4.4), ostensibly as a result of loss of 





Figure 4.4. Percent of total land area that was degrading between 1999 and 2019. Change is expressed per land 
cover class as a percent of the total land area in each of World Wildlife Foundation ecoregion.  
 
In addition to identifying land cover classes that experienced early signs of 
degradation, we also used the results from our analysis to identify administrative units 
where early degradation might be halted and potentially reversed. The Argentine provinces 
with the most extensive degrading areas were located in the arid ecoregions of the 
Patagonian Steppe and the Low Monte. Specifically, the most affected provinces were Río 
Negro (13.6%; 27,511 km2), Chubut (10.0%; 22,507 km2), and Neuquén (17.1%; 16,164 
km2) (Figure C5). The Santa Fe province, which spans several ecoregions including the 
Humid Pampas, the Espinal, and the Humid Chaco has also been degrading extensively at 
11.0% (14,581 km2). In Paraguay, the most affected departments were Guairá (13.6%; 521 
km2), Ñeembucú (12.9%; 1,474 km2) and Caazapá (12.5%; 1,196 km2), located in the 




Uruguayan Savanna with the highest proportion of degrading land were Artigas (7.3%; 702 
km2), Maldonado (7.3%; 371 km2) and Lavalleja (8.0%; 918 km2) (Figure C5).  
4.3.4 Comparison between Trends.Earth and LDAM degradation results  
Results from Trends.Earth and LDAM for SDG 15.3.1 both indicate that Argentina, 
Uruguay, and Paraguay had more land area experiencing improvement relative to areas 
experiencing degradation over the last two decades (Figure 4.5). The two approaches 
showed general agreement in regard to the percentage of total land area that was degraded, 
degrading, and stable, in each country, but showed substantial disagreement in regard to 
the percentage of total area that was improved and improving (Figure 4.5, Figure C4). 
Although agreement on the percent of total area degrading was generally high, in the Low 
Monte of Argentina Trends.Earth estimated more than twice as much degrading area as 
LDAM (Figure C4), mostly arising from differences in the VI performance sub-indicator 
for each model (Figure C2, Figure C3). More specifically, the Trends.Earth NDVI-based 
performance sub-indicator showed widespread decline, whereas LDAM EVI2-based 
performance sub-indicator identified patterns of degradation that were much more 
localized (Figure C2, Figure C3). The reasons behind this difference were unclear, but may 
have resulted from the fact that in LDAM we calculated performance by ecoregion and 
only used pixels that didn’t experience land cover change during the study period.  
While LDAM generally predicted higher proportions of improved land, 
Trends.Earth generally predicted higher proportions of improving land (Figure 4.5, Figure 
C4), mostly arising from differences in the estimated productivity trajectory sub-indicator 




significant and positive compared to corresponding results from Trends.Earth (Figure C2, 
Figure C3). For example, disagreements between results from Trends.Earth and LDAM in 
the improving category were largest across savanna ecoregions. Interestingly, the 
Patagonian Steppe showed widespread improvement as a result of greening in LDAM, but 
was either stable or degrading in Trends.Earth (Figure 4.3, Figure C1). While the 
Trends.Earth and LDAM results, both reflect conditions on the ground and generally show 
similar patterns of systematic differences across ecoregions (Figure C1, Figure C2, Figure 
C3, Figure C6), it’s important to note that results from each model were estimated using 
different inputs (i.e., NDVI vs EVI2, 250 m vs 30 m spatial resolution, 18 vs 20 years of 
data) (Table 4.1, Table 4.4). 
 
 
Figure 4.5. Comparison of degradation and improvement categories from Trends.Earth and Landscape 
Degradation Assessment Model (LDAM), expressed as the percent of total country area that has been stable or 
has experienced change since 1999.  
 
4.4. Discussion  
4.4.1 The importance of landscape-scale characterization of degradation 




the UN Decade on Ecosystem Restoration with the aim of scaling up efforts to restore 
degraded ecosystems worldwide, enhance food security, and fight climate change. To 
achieve this goal, better information related to the geography and rates of land degradation 
are required at local to global scales. In this research, we used remote sensing to identify 
areas within the SCR that are improved or improving, and degraded or degrading. We 
implemented the LDN framework, with some adjustments, to identify locations in need of 
action to prevent potentially irreversible ecological transitions.  
Results from our study reveal extensive changes in land cover properties across the 
subcontinent over the course of the last two decades with 67.5% of the study domain 
experiencing improvement or degradation of land quality. Specifically, improvement 
(areas identified as improving or improved) is widespread across the study region, largely 
as a result of greening (Figure 4.3, Figure C2c), which is a global phenomenon (Zhu et al., 
2016; Chen et al., 2019). At the same time, our results also identify numerous hotspots of 
degradation, which we nominally attribute to a mix of cattle grazing and agricultural 
expansion and intensification in forested and savanna ecoregions (Cabido et al., 2018; Da 
Ponte et al., 2017; Fehlenberg et al., 2017; Gasparri & Grau, 2009, Gasparri et al., 2013; 
Graesser et al., 2015; Grau et al., 2005; Guida-Johnson & Zuleta, 2013; Huang et al., 2009; 
Lewis et al., 2009; Redo et al., 2012; Vallejos et al., 2015; Vega et al., 2009; Verón et al., 
2018), and with sheep grazing and precipitation deficits in arid and semi-arid ecoregions 
of Argentina (Busso & Bonvissuto, 2009; Kröpfl et al., 2013; Mazzonia & Vazquez, 2009; 
Palacio et al., 2014; Paruelo et al., 2004; Valle et al., 1998; Villagra et al., 2009) (Figure 




over the course of the last 20 years since 1999, that ~10% is currently degrading, and that 
land cover changes in these two categories tend to be collocated (Figure 4.2). More 
specifically, degrading areas tend to be located at the edge of degraded areas. By 
identifying locations of declining land quality via remote sensing time series analysis, this 
work provides the opportunity for early intervention to halt and reduce degradation (Jarvis 
et al., 2010). 
The Landsat-based approach we implement in this study to quantify SDG 15.3 
presents two key technical improvements over the existing Trends.Earth approach, which 
is based on MODIS imagery. In particular, the higher spatial resolution and thematic detail 
of LDAM compared to Trends.Earth provide a much more refined and granular 
representation of changes in land cover, land use, and land productivity than is possible 
from Trends.Earth (Figure 4.3, Figure C1, Figure C6). As a consequence, results from 
LDAM provide a substantially improved basis for continuous SDG monitoring at 
landscape-scale resolution in ways that support the needs of decision makers to track and 
understand the progress towards sustainable development (Watmough et al., 2019). Based 
on our comparison of results from Trends.Earth and LDAM, we conclude that future efforts 
to monitor degradation and make progress towards achieving the UN’s Sustainable 
Development Agenda should be based on imagery capable of capturing landscape-scale 
process (i.e., from Landsat or Sentinel 2). At the coarse spatial resolution of MODIS, it’s 
difficult to confidently attribute changes observed in time series of remotely sensed 
vegetation dynamics to specific processes on the ground (Wulder et al., 2019). In addition, 




for characterizing the mechanisms that underlie degradation via fractional cover (e.g. 
woody encroachment, forest degradation), which is a key metric that can inform 
interventions to achieve LDN (Cowie et al., 2018).  
4.4.2 Translating sub-indicators into action 
The spatially-explicit representation of degrading land cover properties within 
administrative units, ecoregions, and nation states afforded by remote sensing provides an 
invaluable tool for decision-makers at multiple levels in both the private and public sectors 
to identify areas where interventions might be implemented to reduce or reverse 
degradation, thereby meeting SGD 15.3 (Cowie et al., 2018; Jarvis et al., 2010). Based on 
the results from this study, management interventions within the LDN framework should 
be prioritized as follows: 1) avoid degradation of stable, improving, and improved areas, 
2) reduce land degradation in places that are currently degrading, and 3) restore or 
rehabilitate already degraded land (Figure 4.3) (Cowie et al., 2018).  More specifically, our 
results suggest three key interventions that should be applied across ecoregions in the SCR 
(Figure 4.3). First, degradation should be avoided in intact forests and forests remnants 
identified as either stable or improving (as a result of greening) in the Chaco, the Atlantic 
Forest and the Espinal (Figure 4.3, Figure C2c). Second, the arid Patagonian Steppe is in 
the early stages of degradation, which could be reduced or reversed by implementing 
sustainable land management practices that adapt to changing conditions (Figure 4.3). In 
particular, the northwestern reaches of the ecoregion exhibit widespread decreases in 
productivity (Figure C2e), browning (Figure C2c), and increases in the proportion of bare 




since 1999 (Stanimirova et al., in prep). Third, in order to achieve neutrality, lands that 
have already degraded, as a result of land conversion for agriculture, including parts of the 
Atlantic Forest, the Espinal, the Humid Pampas, and the Uruguayan Savanna, should be 
restored and rehabilitated via reforestation and grasslands restoration (Figure 4.3). 
4.4.3 High priority targets for conservation intervention 
Degrading areas are concentrated in the prime agricultural zones of the study 
region, including the Chaco, the Atlantic Forest, the Humid Pampas, and the Espinal 
(Figure 4.3, Figure 4.4). Across both forested and savanna ecoregions, grasslands are 
experiencing the most degradation, primarily as a result of agricultural expansion and 
intensification (Baldi & Paruelo, 2008; Grau et al., 2015; Vega et al., 2009), conversion to 
pine and eucalyptus plantations (Paruelo et al., 2007, pp. 232–248; Redo et al., 2012), 
overgrazing (Verón et al., 2018), and altered fire regimes (Grau et al., 2015). These drivers 
lead to degradation via reduction in land productivity, loss of woody cover in forested 
ecoregions, and loss of herbaceous cover in savanna ecoregions (Figure C2). Our results 
corroborate previous findings that identify subtropical grasslands, savannas, and flooded 
grasslands to be under the greatest threat of degradation largely because of high rates of 
land use-driven land cover change (Figure 4.4) (Baldi & Paruelo, 2008; Jarvis et al., 2010; 
Paruelo et al., 2007, pp. 232–248; Vega et al., 2009).  
Moreover, the Chaco and the Espinal, which historically comprise a mosaic of 
forests and grasslands, are rapidly losing both tree cover and natural grasslands as a result 
of conversion to agriculture and planted pastures (Figure 4.4) (Cabido et al., 2018; Grau et 




extensively than forests in both the Chaco and the Espinal highlights the need to conserve 
and restore grasslands, which, similar to forests, are host to important flora and fauna, and 
provide vital ecosystem services. However, unlike forests, grasslands are widely perceived 
to have low conservation priority (Bond 2016; Grau et al., 2015; Veldman et al., 2015a, 
2015b). 
Our results show that over the last two decades, shrublands are the land cover type 
most extensively degrading within the SCR, with arid ecoregions of Argentina (i.e., Low 
Monte and Patagonian Steppes) being the most impacted (Figure 4.4). This degradation is 
driven by decreases in productivity in the western reaches of the Low Monte and in the 
Patagonian Steppe, along with increases in bare ground at the expense of woody cover in 
the Patagonian Steppe (Figure C2). Degradation in arid ecoregions is often generated by a 
combination of abiotic (e.g., precipitation deficits, fire) and anthropogenic (i.e., grazing 
management and wood collection) drivers that result in complex and dynamic landscapes 
that are vulnerable to desertification (Reynolds et al., 2007). In the case of the Low Monte, 
extensive fires in 2004 and 2005 drastically reduced shrub biomass, which can require up 
to 15 years to recover (Villagra et al., 2009). In addition, in both the Low Monte and the 
Patagonian Steppe, extensive livestock grazing has been identified as a primary cause of 
land degradation (Busso & Bonvissuto, 2009; Mazzonia & Vazquez, 2009; Palacio et al., 
2014; Paruelo et al., 2004; Valle et al., 1998; Villagra et al., 2009). Grazed shrublands, in 
particular, experience more soil erosion and greater increases in bare ground patches 
compared to grasses, which are more effective at protecting the soil (Palacio et al., 2014). 




change process (De Keersmaecker et al., 2015; Stanimirova et al., 2019; Vicente-Serrano 
et al., 2013). In the SCR, annual precipitation has been decreasing since 1999 in the 
northwestern part of the Patagonian Steppe at a rate of approximately 2 mm/year 
(Stanimirova et al., in prep), which is almost certainly leading to changes in vegetation 
cover and increases in the fractional cover of bare ground. 
4.4.4 Limitations of the LDN framework and LDAM  
There are two main limitations of the remote sensing-based approach to mapping 
degradation processes as described here. First, the LDN framework (and as result LDAM 
approach) focus only on biophysical indicators of degradation. Second, determination of 
what specific land cover and fractional cover changes constitute degradation is inherently 
subjective. Although, our study focuses on biophysical attributes of degradation, the long-
term success of LDN and SDG 15.3 depends on the specific social-ecological context 
within which degradation occurs (Herrick et al., 2019; Reynolds et al., 2007). Since 
ecological and socioeconomic factors are interconnected in complex and dynamic ways, 
management and degradation reversal need to balance the competing demands of ensuring 
ecological health and supporting the needs of local communities to sustain livelihoods, 
especially in ecologically marginal ecoregions (i.e., Low Monte and Patagonian Steppe) 
and in ecologically undervalued land cover types (i.e., grasslands). The latter limitation 
stems from the fact that degradation takes on different forms in different ecoregions, and 
the quality of degradation studies is highly dependent on local knowledge of what 




sensing observations to be interpreted with contextual information of the study domain and 
in collaboration with local scientists and decision makers.  
5. Conclusions 
The LDAM approach we present in this work enables timely management 
interventions at landscape scales that support the goals of the 2030 Sustainable 
Development Agenda by identifying ecoregions experiencing degradation as a 
consequence of the joint effects of land use and climate change. Our results provide a 
comprehensive characterization of widespread change in land quality across the SCR, with 
the vast majority of the region improving or improved, but with substantial hotspots of 
degradation throughout that are mostly associated with two main drivers of change: 
agricultural land use and systematic decreases in precipitation, ostensibly arising from 
climate change. In particular, more than 4% of the study domain was identified as 
degrading grasslands and shrublands, two relatively understudied land cover types in the 
SCR. We conclude that grasslands and shrublands in the Low Monte, the Patagonian 
Steppe, the Humid Pampas, the Chaco, the Atlantic Forest, and the Mesopotamian and 
Uruguayan Savannas are extensively degrading and should be prioritized within the LDN 
framework for reducing and reversing incipient degradation because interventions in these 
ecoregions have the potential to yield the highest returns on investment. In the coming 
decades, as climate change proceeds and the global population continues to grow, land 
degradation is likely to have increasingly profound consequences for the livelihood and 
food security of those who depend on natural resources in vulnerable ecoregions. However, 




and so we recommend that future studies focus on integrating the tools and datasets 
afforded by remote sensing with socioeconomic analyses to identify specific sustainable 









CHAPTER 5: Conclusions 
Under the combined pressures of a changing climate and an increasing global 
population there is an urgent need to improve our understanding of how environmental 
factors and land use are jointly affecting land productivity and degradation. In particular, 
knowledge of the dynamics of land degradation across different land cover types and 
ecoregions is required to meet Sustainable Development Goal (SDG) 15, which aims to 
“combat desertification and halt and reverse land degradation.” To this end, this 
dissertation characterizes the climate sensitivity of global pasturelands and quantifies the 
spatial and temporal patterns of land degradation in the Southern Cone of South America. 
I use Earth observations from satellites in combination with time varying and spatially 
explicit covariates (e.g., climate, livestock) to answer questions such as: (1) How sensitive 
are global pasturelands to climate variability? (2) How is vegetation composition changing 
through time in the Southern Cone of South America? (3) What is the extent and variability 
of landscape degradation in the Southern Cone of South America?  
5.1 Summary of key findings 
This dissertation has generated actionable and spatially explicit information that 
can help national and international organizations implement interventions to combat land 
degradation in order to improve human welfare and land use management across 
ecoregions. I produced state-of-the-art maps of the geographic extent and climate 
sensitivity of global pasturelands (Chapter 2), and the geographic extent of changes in 
vegetation cover (Chapter 3) and land degradation (Chapter 4) in the Southern Cone of 




sensitivity to climate change, and showed how the ability of pasturelands to both withstand 
and recover from a drought varies as a function of regional precipitation regimes and 
livestock production systems. In the third chapter of my dissertation, I utilized machine 
learning methods to analyze large volumes of satellite time series to demonstrate that 
widespread change in landscape composition has occurred over the last two decades in the 
Southern Cone of South America. In the fourth chapter, I assessed land degradation in the 
Southern Cone region to monitor Land Degradation Neutrality (LDN) as part of SDG 15. 
Using two satellite-derived metrics (land cover and productivity), I mapped ongoing 
degradation that threatens the sustainability of land systems in the Southern Cone, one of 
the most active frontiers of land cover and land use change in the world (Graesser et al., 
2015). In summary, this body of work supports the goals of the 2030 Sustainable 
Development Agenda by identifying areas that are in the greatest need of intervention to 
ensure the sustainability of ecosystems and the food security of those who depend on them. 
The main findings of this dissertation are the as follows:  
• Chapter 2: 
o In Australia, pasturelands have both low resistance and low resilience to 
drought relative to other regions across the world.   
o Southern South America has the lowest resilience to drought globally, which is 
indicative of slow vegetation recovery after a disturbance.   
o A total of 14.5% of global pasturelands experienced greening or browning 
trends, with the majority of these locations showing greening.  




o The Dry Chaco has emerged as the new deforestation frontier in Paraguay with 
the highest overall gain in herbaceous cover.  
o Woody encroachment/forest regeneration is widespread in the Humid Chaco.  
o Afforestation due to proliferation of industrial scale pine and eucalyptus 
plantations has affected the Uruguayan and Mesopotamian savannas. 
o Woody encroachment and desertification are gradual, low magnitude processes 
of LCLUC transitions that have impacted the Patagonian Steppe and the Low 
Monte.  
• Chapter 4:  
o There have been extensive changes in land quality in the Southern Cone of 
South America in the 20 years since 1999, with 67.5% experiencing either 
improvement or degradation.  
o Improvement in land quality is widespread, largely as a result of greening. 
o Grasslands are currently degrading more than forests, and should be a 
conservation priority in the Chaco, the Espinal, the Humid Pampas, the 
Uruguayan Savanna and the Mesopotamian Savanna. 
o We identify several hotspots of degradation, including: (1) the Humid Pampas, 
the Uruguayan Savanna, the Chaco, and the Espinal where degradation resulted 
from cattle grazing, agricultural expansion and intensification, and (2) arid 
ecoregions such as the Patagonian Steppe and the Low Monte where 




Overall, this dissertation makes an important contribution to the fields of remote 
sensing and sustainable development by developing datasets and modeling frameworks 
that improve understanding of climate change and land degradation across a large land use 
and climate gradient, both globally and in the Southern Cone of South America.  
5.2 Contributions of this dissertation 
5.2.1 State-and-Transition Models   
State-and-Transition Models (STMs) provide a framework that describes the 
ecological states, transitions between states, and associated changes in land cover 
properties that result from ecological responses to climate events (e.g., drought, fire) and 
land use (e.g., grazing) (Hobbs & Suding, 2014). My dissertation builds upon and 
contributes to this conceptual framework in two main ways: 1) by characterizing both 
gradual (i.e., fractional cover) and abrupt (i.e., land cover) landscape transitions; and 2) by 
quantifying resilience and resistance to disturbances that can tip a system from one state 
(e.g., grassland) to another (e.g., shrubland). I identify regions across the world and in the 
Southern Cone of South America that have both low resilience and resistance and also 
show early signs of degradation, which suggests that they are vulnerable to transitions in 
their ecological state. In particular, this dissertation provides an understanding of landscape 
change beyond the well-studied processes (i.e., deforestation) and ecoregions (i.e., the 
Chaco) to fill a critical gap in understanding the shifting character of savannas and arid 
ecoregions of the Southern Cone. The assessment of resilience, resistance and degradation 




tipping points and opportunities to avoid unfavorable ecological transitions between states 
within the STM framework (Herrick et al., 2019).  
5.2.2 Social-Ecological systems  
Quantifying the susceptibility of agro-ecosystems to climate variability and land 
degradation is critical for anticipating food shortages. Moreover, the interacting dynamics 
of climate variability, land degradation, and land use management shape the demand and 
provision of ecosystems services (Briske et al., 2003; Fuhlendorf et al., 2001). For example, 
livestock provide a critical source of income and food in livestock dependent communities, 
so interactions between land degradation and climate change that reduce the productivity 
of pasturelands are an existential threat to many of the world’s poor (HLPE 2012). Many 
farmers in these communities are locked into land use practices that contributed to land 
degradation in the first place by creating a “resource degradation poverty trap”, whereby 
human behavior erodes natural capital and reduces food production leading to further 
degradation and greater poverty (Barrett 2008; Stanimirova & Garrett, 2020). Although 
this dissertation does not directly address the social aspects of social-ecological systems, it 
identifies high threat regions where appropriate interventions and management can be 
effective in supporting and maintaining healthy vegetation and the livelihoods of those who 
depend on it.  
5.2.3 Global biogeochemical cycles  
This dissertation demonstrates that land degradation and shifts in vegetation cover 
and bare ground are extensive in South America, which can have significant implications 




2017), and energy (Duveiller et al., 2018) cycles. In particular, land degradation acts as a 
driver of climate change by increasing emissions of carbon from vegetation and soils, and 
by reducing the land carbon sink as a result of land conversion (Olsson et al., 2019). 
Although land cover and land use change are estimated to account for 12.5% of the 
anthropogenic carbon emissions globally, uncertainty in this estimate is large because of 
uncertainties in the rates of deforestation and afforestation (Houghton et al., 2012). This 
dissertation quantifies rates of change in woody fraction over a 20-year period from 1999 
to 2019 at the subcontinental scale providing information related to processes that affect 
the net carbon flux such as deforestation, forest degradation, forest regeneration, woody 
encroachment, and afforestation.  
5.3 Recommendations for future research  
The results from this dissertation lead to three key topics of future research: (1) 
comparison of mapped land cover and fractional cover classifications; (2) extension of the 
degradation framework to include both biophysical resilience/resistance and 
socioeconomic drivers; and (3) analysis of the impact of landscape degradation on the 
terrestrial carbon cycle.  
5.3.1 Comparison between land cover and fractional cover classifications 
In Chapter 3, I mapped the fractional cover of bare ground, woody and herbaceous 
vegetation. A logical extension of this work would be to compare fractional cover estimates 
against the discrete land cover categorization conducted by Graesser et al. (in prep). 
Comparing the two Landsat-based datasets will: (1) determine if changes in land cover 




class changes in fractional cover, and (3) demonstrate the advantages and disadvantages of 
continuous observations compared to discrete observations of land cover. Specifically, this 
comparison will demonstrate how both gradual, low magnitude changes in fractional cover 
and abrupt land cover transitions are transforming the ecoregions of the Southern Cone of 
South America and how these two approaches to mapping land cover change complement 
each other.  
5.3.2 An improved framework for monitoring degradation  
In addition to characterizing degradation (Chapter 4) and prioritizing regions for 
avoidance, reduction, and reversal, it’s important to also target areas that are least resilient 
and resistant to change (Chapter 2) in order to maximize return on investment and to 
advance the goal of LDN (Herrick et al., 2019). Specifically, future studies can pair 
resilience and resistance analyses (De Keersmaecker et al., 2015; Stanimirova et al., 2019; 
Vicente-Serrano et al., 2013) with degradation analyses (González-Roglich et al., 2019; 
Stanimirova et al., in prep; Teich et al., 2019), or alternatively, quantify resilience and 
resistance concomitantly with degradation. Land management and interventions can then 
be optimized based on an understanding of not only where degraded lands are, but also by 
how sensitive they are to climate variability. Specifically, land that has low resilience and 
low resistance should be given high priority for avoiding and reducing degradation because 
degradation there is more likely to result in irreversible ecological transitions (Herrick et 
al., 2019).  
Future work should also focus on incorporating socioeconomic factors and 




research should be to integrate large datasets from agriculture, ecology, climate and social 
science in order to understand how human activity is transforming landscapes, both 
regionally and globally. To my knowledge there has been no comprehensive effort to 
characterize the magnitude and drivers of land degradation across climate and ecological 
zones and different land uses. Future studies should aim to disentangle the contributions of 
different drivers to degradation including: (1) human decision-making; and (2) 
environmental drivers such as climate variability, soils, and fire. This approach should 
account for socioeconomic variables such as population, legal regulations, proportion of 
human land uses in a given administrative unit, and transportation costs (le Polain de 
Waroux et al., 2019). For example, a dataset with predictors of degradation is currently 
available at the county level for the three countries of interest in the Southern Cone (i.e., 
Argentina, Uruguay, and Paraguay) from 2000 to 2012 by le Polain de Waroux et al. 
(2019). In addition, such a study should account for abiotic drivers of degradation such as 
temperature, precipitation, fire (natural and managed), and soil properties (Briggs et al., 
2005; Gherardi & Sala, 2015). To achieve this, an instrumental variable approach can be 
implemented in two stages: 1) stocking density can be estimated as a function of 
socioeconomic variables, and 2) estimated stocking density along with all environmental 
variables can be used to predict degradation in pasturelands.  
To summarize, I propose a four-step approach to combating degradation: 1) use 
methodology in Chapter 2 to quantify the resilience and resistance of landscapes, 2) use 
methodology developed in Chapter 4 to characterize degradation and improvement, 3) 




an ecoregion-level plan to avoid, reduce, and restore land quality (Herrick et al., 2019). 
This approach provides a framework for optimizing return on investment, while 
contributing to the achievement of SDG 15.3 and LDN.  
5.3.4 Impact of land degradation on the terrestrial carbon cycle  
Lastly, this dissertation lends itself to a logical extension focused on the 
consequences of degradation for regional carbon budgets and the potential climate benefits 
of reducing and reversing degradation in the Southern Cone of South America. 
Specifically, the results from Chapter 3 on the gain and loss of woody fractional cover 
could be used to assess whether different ecoregions in the Southern Cone are a net carbon 
source or sink. Carbon emissions have been well studied in the Amazon (Baccini et al., 
2012, 2017; DeFries et al., 2002; Chazdon et al., 2016; Saatchi et al., 2011; Song et al., 
2015; Tyukavina et al., 2015) but to our knowledge, such studies are limited in the tropical 
dry forests of the Chaco (Baumann et al., 2017; García et al., 2017; Gasparri et al., 2008) 
and are nonexistent in the Espinal. Future studies can estimate the carbon fluxes associated 
with deforestation, forest degradation, forest regeneration, woody encroachment, 
reforestation and afforestation in the forested regions of the Southern Cone (i.e., Atlantic 
Forest, Chaco, Espinal) using a gain/loss approach where emission factors are multiplied 
by changes in woody fractional cover. To obtain aboveground biomass, we can use existing 
values from the literature or derive values by combining forest height from full waveform 
lidar data (i.e., Geoscience Laser Altimeter System (GLAS)) with allometric equations 
(Baumann et al., 2017; Gasparri et al., 2008). Results from this type of analysis can provide 







This file contains additional figures, tables, and text, which describes how the data 
was cleaned, sampled, and the implementation of the panel regression modelling 
framework. The tables provide information about the number of grids selected within each 
stratum, the MODIS quality assessment used in this analysis and two tables that provide 
the regression coefficients for each model. The figures provide additional information 
about regression results in humid/sub-humid agroecological zones and for additional 
seasons.  
 
Text S1. Details about the panel regression modelling framework 
Potential models for EVI represent several factors including temporal lags, spatial 
heterogeneity, and unobserved variables. The adjustment of EVI to precipitation is usually 
not instantaneous because there are other factors besides precipitation that affect vegetation 
greenness like soil moisture, for example. The full effect of precipitation anomalies on EVI 
takes time so in order to assess the rate of recovery of EVI to its long run state we include 
lagged EVI ( ()))  in Equations (A1) to (A3) to quantify the importance and 
magnitude of lagged vegetation responses to variation in precipitation.   
The least restrictive model (A1) allows the relation between the dependent and independent 
variables to vary across cells as follows: 
 =  +  ∑ (  1 ∗ # +
$
%&  2 ∗ #





in which s represents season (December/January/February, March/April/May, 
June/July/August, September/October/November), P represents precipitation, 
())represents the EVI in the previous season. Equation A1 is least restrictive because 
the intercept and regression coefficients vary across grid cells.  
A slightly more restrictive model, A2 restricts the relation between the independent 
variable and the dependent variables to be the same across cells, but allows the intercept 
() to vary across cells as follows: 
 =   + ∑ (  1 ∗ # +
$
%&  2 ∗ #
$) +   3 ∗ ()) +  *  
 (A2) 
 
Allowing the intercept to vary across cells enables the model to account for the effect on 
unobserved variables that vary across space but not time, such as soil quality. 
 The most restrictive model (A3) imposes the same relation for EVI on all grid cells as 
follows: 
 =   + ∑ (  1 ∗ # +
$
%&  2 ∗ #
$) +   3 ∗ ()) + *    
 (A3) 
 
In order to choose among the three equations (A1, A2, and A3) we used standard 
statistical procedures to select the proper model to estimate the relationship between EVI 
and precipitation in the different study units (Hsiao 2014). To choose between least 
restrictive model (A1) and most restrictive model (A3), we calculate the F statistic to test 
the null hypothesis that slopes and intercepts are the same for each grid cell:  
 
C) =  
(DEEFG − DEEF))/[(J − 1)K]





where DEEF) is the residual sum of squares from equation (A1), DEEFG is the residual sum 
of squares for equation (A3), N is the number of grid cells for a particular study unit, K is 
the number of regression coefficients, and T is the number of observations in time per grid 
cell. In our study, T is 15 years, K is 7 coefficients, and N depends on the study unit (Table 
A1). If the F statistic exceeds the critical value (p < 0.05), we reject the null hypothesis that 
the slopes and intercepts are equal. In other words, in this case, we would select the least 
restricted model (A1) over the most restricted model (A3). 
 
If the F1 statistic rejects the null hypothesis, we test restrictions that make the regression 
coefficients the same across grid cells but allow the intercepts to differ using a second F 
statistic: 
C$ =  
(DEEF$ − DEEF))/[(J − 1)K]
DEEF)/[JM − J(K + 1)]
 
where DEEF$ is the residual sum of squares from equation (A2). If the F statistic exceeds 
the critical value of p < 0.05, we cannot use the more restrictive model (A2). For each study 
unit, the F1 and F2 statistics reject the null hypothesis, therefore we use equation (A1) to 
estimate the relationship between EVI and precipitation. Equation (A1) is estimated using 
a procedure developed by Swamy (1970).  
 
Text S2. Details about sampling scheme 
In this study, we estimated the relation for EVI using 30% of the grid cells from 
each of the twenty different geographic units. We use random sampling to allow for a fair 




differences, the 30% allows us to sample without replacement within each study region 
and season.  
Text S3. Details about the MODIS EVI quality flags 
Each monthly composite EVI value is accompanied by a quality flag for clouds and 
aerosols (Table A2). The binary quality flags for clouds indicate whether there are adjacent 
clouds detected, mixed clouds or possible shadows. We eliminated any pixels that indicated 
the presence of clouds and shadows. The aerosol quality flag indicates the aerosol quantity, 
which can be: 1) climatology, 2) low, 3) average, and 4) high. We selected only pixels for 
which the aerosol content was low or average.  
 
Figure A1. Partial R2 of each predictor variable in each region explaining the variability in EVI anomalies in 
humid and sub-humid systems. The solid points above each management-region-season combination show the 
overall explanatory power of the model, and the colored bars show the contributions of contemporaneous and 
lagged precipitation as well lagged EVI anomalies. Note, there were insufficient observations of pasturelands in 
humid and sub-humid Asia and insufficient observations of rangeland-based humid production systems in 






Figure A2. Sensitivity (change in EVI for a unit change in precipitation) of EVI anomalies to precipitation 
anomalies (P) for March/April/May (MAM); error bars represent the variability in sensitivity. There were 
insufficient observations of pasturelands in humid and Asia and insufficient observations in humid rangeland-
















Figure A3. Sensitivity (change in EVI for a unit change in precipitation) of EVI anomalies to precipitation 
anomalies (P) for June/July/August (JJA); error bars represent the variability in sensitivity. There were 
insufficient observations of pasturelands in humid and Asia and insufficient observations in humid rangeland-











Figure A4. Sensitivity (change in EVI for a unit change in precipitation) of EVI anomalies to precipitation 
anomalies (P) for September/October/November (SON); error bars represent the variability in sensitivity. There 
were insufficient observations of pasturelands in humid and Asia and insufficient observations in humid 












Figure A5. Sensitivity of EVI (vegetation greenness) anomalies to asymmetry binary variable aggregated across 
seasons and regions. The symbol above each bar indicates that the coefficient is statistically significant. There 
were insufficient observations of pasturelands in humid and sub-humid Asia and insufficient observations of 
crop-livestock production systems in North America. The sample size in each of the study units is five hundred 
















Figure A6. Statistically significant grid point EVI greenness trends per year across five continents from 2003 to 
2017 (p<0.05). EVI trends were calculated using Theil-Sen estimator and statistical significance was determined 
based on Mann-Kendall tests. White grid cells represent grid cells that do not have statistically significant trends 
(p<0.05). CHIRPS precipitation data is available between 50oS and 50oN, which is why pasturelands in Russia 




Table A1. Number of grid cells selected in each study unit by 30% proportional random sample, stratified by 
production system, climate zone and geographic region. 
 
Region Production Zones 
  Arid Humid 
Africa 
Rangeland-based 21044 2377 
Crop-livestock 3163 691 
Asia 
Rangeland-based 5755  
Crop-livestock 1462  
Australia 
Rangeland-based 23077 281 
Crop-livestock 2274 256 
North 
America 
Rangeland-based 8270  
Crop-livestock 1217 199 
Latin 
America 
Rangeland-based 7874 2217 







Table A2. Description of the EVI monthly quality assessment flags. Pixels with the following quality flags were 
deemed “valid” and used in this analysis. 
 
Quality Flag Value  
VI quality 0 (good quality) or 1 (check other QA)  
VI usefulness  11 or less  
Adjacent cloud detected 0 
Mixed clouds 0 















Table A3. Regression coefficients for Equation (A3) for Rangeland-based production systems stratified by the 
five different geographic regions, climate zones and seasons. 
 
DJF Arid/semi-arid  Humid/sub-humid 

















Constant 0.000 0.018 0.043 -0.031 0.002 0.026   0.147   0.247 
EVI Lag1 0.369 0.495 0.424 0.635 0.775 0.091   0.321   0.009 
Precipitati
on 0.253 0.036 0.370 -0.019 0.031 0.073   0.440   0.373 
Precipitati
on Lag1 0.148 0.254 0.146 0.136 0.084 0.096   0.270   0.264 
Precipitati
on Lag2 -0.057 
-
0.002 0.020 -0.126 0.009 0.023   
-
0.083   0.033 
Precipitati
on^2 -0.032 0.024 
-
0.016 0.018 -0.012 -0.023   
-
0.080   -0.135 
Precipitati




0.005 0.045 0.031 0.002   
-
0.012   -0.077 
Precipitati
on^2 Lag2 -0.002 0.008 
-
0.017 -0.005 0.015 -0.008   
-
0.009   -0.070 
           
JJA            





















0.069 -0.042 -0.039 0.027   0.046   0.150 
EVI Lag1 0.622 0.544 0.574 0.382 0.647 0.219   0.498   0.136 
Precipitati
on 0.013 0.014 0.172 0.207 0.115 0.069   0.160   0.174 
Precipitati
on Lag1 0.140 0.156 0.257 0.201 0.177 0.118   0.391   0.249 
Precipitati
on Lag2 -0.099 0.090 
-
0.021 0.122 -0.100 -0.027   
-
0.099   -0.205 
Precipitati
on^2 0.023 0.018 0.043 0.010 -0.009 -0.001   0.010   -0.024 
Precipitati
on^2 Lag1 -0.010 
-
0.022 0.018 0.033 0.078 -0.011   
-
0.022   -0.172 
Precipitati
on^2 Lag2 0.046 0.012 0.013 0.015 0.015 -0.003   
-
0.026   0.054 
           
MAM           




















Constant 0.045 0.089 
-
0.050 0.018 -0.113 -0.034   0.143   0.201 
EVI Lag1 0.321 0.401 0.338 0.324 0.561 0.217   
-
0.051   -0.066 
Precipitati
on 0.201 0.162 0.373 0.193 0.203 0.108   0.623   0.252 
Precipitati
on Lag1 0.224 0.171 0.371 0.288 0.155 0.085   0.416   0.373 
Precipitati
on Lag2 -0.050 0.034 
-
0.029 0.160 0.032 -0.015   
-






0.012 -0.001 0.032 0.053   
-
0.174   -0.133 
Precipitati
on^2 Lag1 -0.031 
-
0.034 0.029 -0.012 0.095 -0.018   
-
0.010   -0.124 
Precipitati
on^2 Lag2 0.017 
-
0.020 0.031 0.006 0.020 0.004   0.014   -0.005 
           
SON           





















0.157 0.086 -0.045 0.037   
-
0.041   -0.057 
EVI Lag1 0.520 0.646 0.651 0.473 0.470 0.100   0.297   0.385 
Precipitati
on 0.141 0.046 0.076 0.227 0.210 0.091   0.324   0.221 
Precipitati
on Lag1 0.094 0.019 0.175 0.150 0.179 0.045   0.427   0.045 
Precipitati




0.018 -0.098 0.051 -0.026   0.094   -0.037 
Precipitati
on^2 -0.007 0.017 0.079 -0.046 0.035 -0.022   0.061   -0.012 
Precipitati
on^2 Lag1 -0.009 0.001 0.090 0.003 0.002 -0.008   0.012   0.004 
Precipitati












Table A4. Regression coefficients for Equation (A3) for Mixed crop-livestock production systems stratified by 
the five different geographic regions, climate zones and seasons. 
 
DJF Arid/semi-arid  Humid/sub-humid 
  
Afric



















Constant 0.071 -0.043 -0.032 0.001 0.035 0.136   0.045 0.122 0.104 
EVI Lag1 0.386 0.494 0.440 0.449 0.375 0.163   0.228 -0.132 0.120 
Precipitation 0.234 -0.020 0.379 
-
0.011 0.182 0.228   0.319 0.178 0.233 
Precipitation 
























0.022 -0.077   -0.006 -0.135 -0.051 
Precipitation^
2 Lag2 0.002 0.006 -0.024 0.045 0.033 -0.009   -0.030 0.068 0.034 
           
JJA            
  
Afric

























0.101 0.059   0.003 0.015 0.083 
EVI Lag1 0.497 0.468 0.174 0.316 0.356 0.367   0.340 0.240 0.195 
Precipitation 0.036 -0.051 0.298 0.322 0.205 0.171   0.044 0.433 0.192 
Precipitation 












0.002 -0.039   0.054 -0.115 0.000 
Precipitation^
2 Lag1 0.018 -0.058 -0.081 0.065 0.062 0.002   -0.066 0.039 -0.081 
Precipitation^
2 Lag2 0.053 -0.034 -0.042 0.075 0.050 -0.009   0.043 0.071 0.001 
           
MAM           
  
Afric






















Constant 0.046 0.119 -0.086 0.040 
-
0.067 -0.031   0.015 0.272 0.092 
EVI Lag1 0.342 0.341 0.315 0.251 0.286 0.182   -0.118 0.187 0.077 
Precipitation 0.194 0.239 0.426 0.289 0.393 0.150   0.326 0.290 0.296 
Precipitation 
















0.030 -0.019 0.059 
-
0.020 0.042 0.011   0.044 -0.147 -0.035 
Precipitation^
2 Lag2 0.012 -0.033 0.006 0.007 0.041 0.040   0.019 -0.030 0.030 
           
SON           
  
Afric





















0.009 -0.021 -0.096 0.145 
-
0.013 0.014   0.090 0.240 -0.033 
EVI Lag1 0.354 0.806 0.339 0.302 0.305 0.286   0.221 -0.048 0.258 
Precipitation 0.155 0.080 0.191 0.245 0.327 0.161   0.183 0.183 0.165 
Precipitation 








0.020 -0.048   -0.002 0.116 0.008 
Precipitation^




0.035 -0.021   -0.046 0.046 0.020 
Precipitation^
2 Lag1 0.000 0.002 0.045 
-
0.042 0.004 -0.001   -0.018 -0.200 -0.003 
Precipitation^
2 Lag2 0.009 -0.017 0.015 
-










We pre-processed Landsat time series in six steps: 1) BRDF normalization, 2) gap 
filling, 3) outlier detection, 4) interpolation to daily time series, 5) dynamic temporal 
smoothing, and 6) spatial-temporal smoothing. To normalize for BRDF effects, we used 
the ‘c-factor’ approach developed by Roy et al. (2016), and adjusted surface reflectance 
values based on the sensor zenith angle, solar zenith angle, and the relative azimuth angle 
at each pixel (Claverie et al., 2018). To fill gaps, we used the Landsat Collection 1 Level-
1 Quality Assessment (QA) Band to flag values affected by cloud contamination, surface 
conditions, or sensor conditions. Flagged observations were then gap-filled using local 
least squares polynomial regression over windows that ranged from 7 x 7 to 25 x 25, where 
at least 20% of observations in the window were valid and the R2 of the regression was ≥
 0.1. Outliers were detected used a two-step moving window regression procedure to 
identify anomalous values that were not flagged in the QA band. In the first step, we fit 
linear models to sets of three observations occurring within periods less than 120 days, and 
then used a weighted linear procedure to check for values that deviated from the fitted line, 
where observations below the estimated line were weighted more heavily. The linear 
models were applied over moving windows and identified outliers were replaced by 
linearly interpolating between valid data. In the second step, this procedure was repeated 
using polynomial regression fit over five values within 90 days of each other.  
The gap-filled and outlier-screened data were then interpolated to daily surface 
reflectance values. To do this, we used annual time series extending from July 1st to June 




at the beginning and end of each 12-month period to ensure continuity (Bolton et al., 2020). 
Using these data, we linearly interpolated the time series to daily values. To minimize 
artifacts from interpolation, we applied a dynamic temporal smoother (DTS) developed by 
Graesser et al. (in prep) to reduce high frequency noise. The DTS uses a dynamically 
adjusted weighted moving window, where the size of the window is adjusted using a 
logistic scalar and the adjustment procedure is designed to maintain longer window lengths 
if the time series have low variance. Values within the adjusted moving window are 
assigned weights based on either a Gaussian or a logistic function to account for changes 
in the time series cycles. We used a Gaussian function for time series segments with low 
variance and low values such that weights in the window center were high and weights on 
either side of the window were low. Conversely, for time series segments with high values 
and high variance, we used a logistic function to weight window tails higher. Smoothed 
daily time series were sub-sampled to roughly 6-day intervals (the interval is approximate 
because the index is reset on the first day of each month) for a total of 60 values in each 
year. Finally, to account for the fact that the DTS does not smooth noise over space, a 3-D 
spatial-temporal filter was applied to the weekly data generated by the DTS. This 3-D 
spatial-temporal smoothing filter is similar to the 2-D bilateral filter (Tomasi & Manduchi, 
1998), but includes a weight based on spatial distance defined by a Gaussian-weighted 
Euclidean distance estimated within moving two-dimensional windows over each temporal 
window. The resulting gap-filled and smoothed Landsat layers were stored as non-
overlapping 150 km by 150 km tiles, gridded to the South America Albers Equal Area 







Figure B1.  Net change in fractional cover from 1999 to 2019 for barren (a), herbaceous (b) and woody (c).  
 
 
Figure B2. Annual mean fractional cover and mean standard error for World Wildlife Fund ecozones that don’t 







Figure B3. Summary of change for the Argentina Dry Chaco from 1999 to 2019: net change in fractional cover 
of herbaceous (a) and woody (b) vegetation; annual mean fractional cover and mean standard error (c); 
fractional cover of barren, woody and herbaceous vegetation for pixels that experienced gain in woody cover (d). 
In panel (d) each point (n=5000) represents the vegetation composition of a pixel in 1999/2000 and the colors 
represent the magnitude of gain in woody fraction over the 20-year study period. The ‘x’ represents the mean 
composition for all plotted pixels in 1999/2000 and the ‘+’ represents mean composition in 2018/2019. This figure 





Figure B4. Summary of change for the Paraguay Humid Chaco from 1999 to 2019: net change in fractional 
cover of herbaceous (a) and woody (b) vegetation; annual mean fractional cover and mean standard error (c); 
fractional cover of barren, woody and herbaceous vegetation for pixels that experienced gain in woody cover (d). 
In panel (d) each point (n=5000) represents the vegetation composition of a pixel in 1999/2000 and the colors 
represent the magnitude of gain in woody fraction over the 20-year study period. The ‘x’ represents the mean 
composition for all plotted pixels in 1999/2000 and the ‘+’ represents mean composition in 2018/2019. This figure 





Figure B5. Summary of change for the Argentine Espinal from 1999 to 2019: net change in fractional cover of 
herbaceous (a) and woody (b) vegetation; annual mean fractional cover and mean standard error (c); fractional 
cover of barren, woody and herbaceous vegetation for pixels that experienced gain in woody cover (d). In panel 
(d) each point (n=5000) represents the vegetation composition of a pixel in 1999/2000 and the colors represent 
the magnitude of gain in woody fraction over the 20-year study period. The ‘x’ represents the mean composition 
for all plotted pixels in 1999/2000 and the ‘+’ represents mean composition in 2018/2019. This figure shows only 





Figure B6. Summary of change for the Argentine Mesopotamian Savanna from 1999 to 2019: net change in 
fractional cover of herbaceous (a) and woody (b) vegetation; annual mean fractional cover and mean standard 
error (c); fractional cover of barren, woody and herbaceous vegetation for pixels that experienced gain in woody 
cover (d). In panel (d) each point (n=5000) represents the vegetation composition of a pixel in 1999/2000 and the 
colors represent the magnitude of gain in woody fraction over the 20-year study period. The ‘x’ represents the 
mean composition for all plotted pixels in 1999/2000 and the ‘+’ represents mean composition in 2018/2019. This 





Figure B7. Summary of change for the Argentine Low Monte from 1999 to 2019: net change in fractional cover 
of herbaceous (a) and woody (b) vegetation; annual mean fractional cover and mean standard error (c); 
fractional cover of barren, woody and herbaceous vegetation for pixels that experienced gain in woody cover (d). 
In panel (d) each point (n=5000) represents the vegetation composition of a pixel in 1999/2000 and the colors 
represent the magnitude of gain in woody fraction over the 20-year study period. The ‘x’ represents the mean 
composition for all plotted pixels in 1999/2000 and the ‘+’ represents mean composition in 2018/2019. This figure 






Table B1. Net change in fractional cover from 1999 to 2019 for the three land cover change processes: barren 
gain, herbaceous gain and woody gain. For each World Wildlife Fund ecoregion, we show mean gain in 
fractional cover and mean standard error for all pixels that show statistically significant gain over the time 





pixels  Gain 
Standard 
Error 
Argentina Dry Chaco barren 1148 0.111 0.007 
Argentina Dry Chaco herb 2274 0.434 0.01 
Argentina Dry Chaco woody 2039 0.241 0.007 
Argentina Humid Chaco barren 242 0.11 0.014 
Argentina Humid Chaco herb 468 0.329 0.019 
Argentina Humid Chaco woody 825 0.309 0.014 
Espinal barren 475 0.116 0.01 
Espinal herb 714 0.274 0.015 
Espinal woody 1396 0.277 0.01 
Humid Pampas barren 494 0.12 0.009 
Humid Pampas herb 1282 0.298 0.012 
Humid Pampas woody 1061 0.297 0.013 
Low Monte barren 1082 0.198 0.01 
Low Monte herb 535 0.162 0.011 
Low Monte woody 1273 0.189 0.009 
Mesopotamian Savanna barren 29 0.161 0.046 
Mesopotamian Savanna herb 73 0.291 0.048 
Mesopotamian Savanna woody 183 0.417 0.028 
Paraguay Atlantic Forest barren 210 0.066 0.006 
Paraguay Atlantic Forest herb 632 0.495 0.018 
Paraguay Atlantic Forest woody 293 0.356 0.025 
Paraguay Dry Chaco barren 431 0.129 0.01 
Paraguay Dry Chaco herb 1442 0.516 0.014 
Paraguay Dry Chaco woody 560 0.314 0.019 
Paraguay Humid Chaco barren 148 0.099 0.018 
Paraguay Humid Chaco herb 401 0.397 0.023 
Paraguay Humid Chaco woody 775 0.309 0.015 
Paran Flooded Savanna barren 84 0.179 0.034 
Paran Flooded Savanna herb 69 0.3 0.048 
Paran Flooded Savanna woody 237 0.314 0.028 
Patagonian Steppe barren 2782 0.225 0.006 
Patagonian Steppe herb 879 0.149 0.008 




South Andean Yungas barren 24 0.074 0.037 
South Andean Yungas herb 58 0.328 0.058 
South Andean Yungas woody 92 0.23 0.034 
Uruguayan Savanna barren 142 0.082 0.012 
Uruguayan Savanna herb 601 0.252 0.014 
Uruguayan Savanna woody 751 0.419 0.014 
 
 
Table B2. Net change in fractional cover from 1999 to 2019 for the three land cover change processes: barren 
gain, herbaceous gain and woody gain. For each World Wildlife Fund ecoregion, we show area gain and percent 
of total area gain for all pixels that show statistically significant gain over the time period (p<0.05).  
WWF 
Ecoregions Land cover Gain (km2) Gain (%) Loss (km2) Loss (%) 
Argentina Dry 
Chaco herbaceous 24084.3 5.0 11154.4 2.3 
Argentina Dry 
Chaco woody 12683.0 2.6 27871.2 5.8 
Argentina Dry 
Chaco barren 3103.5 0.6 3061.9 0.6 
Argentina 
Humid Chaco herbaceous 3523.2 2.2 5477.6 3.4 
Argentina 
Humid Chaco woody 6424.4 4.0 3630.5 2.2 
Argentina 
Humid Chaco barren 565.9 0.3 1239.3 0.8 
Argentina herbaceous 51209.8 1.8 53676.1 1.9 
Argentina woody 52455.3 1.9 64417.3 2.3 
Argentina barren 28713.6 1.0 16568.5 0.6 
Atlantic Forest herbaceous 7807.4 9.1 2253.1 2.6 
Atlantic Forest woody 2224.0 2.6 8065.6 9.4 
Atlantic Forest barren 374.1 0.4 190.2 0.2 
Espinal herbaceous 5074.3 1.7 9400.3 3.2 
Espinal woody 9753.4 3.3 5121.7 1.7 
Espinal barren 1239.5 0.4 1673.1 0.6 
Humid Pampas herbaceous 9482.4 2.4 8383.9 2.1 
Humid Pampas woody 7652.4 1.9 8613.8 2.2 
Humid Pampas barren 1542.4 0.4 1900.2 0.5 
Low Monte herbaceous 2280.9 0.7 5607.7 1.6 
Low Monte woody 5778.4 1.7 4580.9 1.3 





Savanna herbaceous 522.1 1.9 1626.6 6.1 
Mesopotamian 
Savanna woody 1730.1 6.4 526.8 2.0 
Mesopotamian 
Savanna barren 101.8 0.4 180.2 0.7 
Paraguay herbaceous 30891.7 7.7 10854.4 2.7 
Paraguay woody 12917.9 3.2 32456.9 8.1 
Paraguay barren 2053.6 0.5 3294.2 0.8 
Paran Flooded 
Savanna herbaceous 515.5 1.4 1683.0 4.5 
Paran Flooded 
Savanna woody 1718.2 4.6 662.5 1.8 
Paran Flooded 
Savanna barren 318.7 0.9 445.1 1.2 
Patagonian 
Steppe herbaceous 3462.6 0.7 7714.1 1.5 
Patagonian 
Steppe woody 3311.3 0.6 11252.9 2.2 
Patagonian 
Steppe barren 15930.0 3.1 3460.2 0.7 
Paraguay Dry 
Chaco herbaceous 18555.7 10.6 3444.2 2.0 
Paraguay Dry 
Chaco woody 4231.0 2.4 19891.5 11.4 
Paraguay Dry 
Chaco barren 1305.6 0.7 1522.5 0.9 
Paraguay Humid 
Chaco herbaceous 3825.0 3.0 4831.5 3.8 
Paraguay Humid 
Chaco woody 6079.7 4.8 3782.4 3.0 
Paraguay Humid 
Chaco barren 338.9 0.3 1493.9 1.2 
Southern Cone herbaceous 87507.2 2.6 72996.4 2.2 
Southern Cone woody 74636.4 2.2 101528.2 3.0 
Southern Cone barren 31354.0 0.9 21950.9 0.7 
Uruguay herbaceous 4088.6 2.3 7223.8 4.1 
Uruguay woody 7787.3 4.4 3168.4 1.8 
Uruguay barren 294.8 0.2 1622.0 0.9 
Andean Yungas herbaceous 491.8 2.1 439.8 1.9 
Andean Yungas woody 523.7 2.2 495.8 2.1 






Table C1. Land cover legend used to reclassify European Space Agency (ESA) Climate Change Initiate (CCI) 
land cover categories to categories used for reporting to the United Nations Convention to Combat 
Desertification (UNCCD). Note that tree-covered is renamed to woody.  
Input class  Trends.Earth class  
Cropland, rainfed Cropland  
- Herbaceous cover Cropland  
- Tree or shrub cover Cropland  
Cropland irrigated or post-flooding Cropland  
Mosaic cropland (>50%) / natural vegetation (Tree, shrub, 
herbaceous cover) (<50%) Cropland  
Mosaic natural vegetation (Tree, shrub, herbaceous cover) (>50%) 
/ cropland (<50%) Grassland 
Tree cover, broadleaved, evergreen, closed to open (>15%) Woody 
Tree cover, broadleaved, deciduous, closed to open (>15%) Woody 
- Tree cover, broadleaved, deciduous, closed (>40%) Woody 
- Tree cover, broadleaved, deciduous, open (15-40%) Woody 
Tree cover, needleleaved, evergreen, closed to open (>15%) Woody 
- Tree cover, needleleaved, evergreen, closed (>40%) Woody 
- Tree cover, needleleaved, evergreen, open (15-40%) Woody 
Tree cover, needleleaved, deciduous, closed to open (>15%) Woody 
- Tree cover, needleleaved, deciduous, closed (>40%) Woody 
- Tree cover, needleleaved, deciduous, open (15-40%) Woody 
Tree cover, mixed leaf type (broadleaved and needleleaved) Woody 
Mosaic tree and shrub (>50%) / herbaceous cover (<50%) Woody 
Mosaic herbaceous cover (>50%) / tree and shrub (<50%) Grassland 
Shrubland Woody 
- Shrubland evergreen Woody 
- Shrubland deciduous Woody 
Grassland Grassland 
Lichens and mosses Grassland 
Sparse vegetation (tree, shrub, herbaceous cover) (<15%) Bare ground 
- Sparse tree (<15%) Bare ground 
- Sparse shrub (<15%) Bare ground 
- Sparse herbaceous cover (<15%) Bare ground 
Tree cover, flooded, fresh or brakish water Wetland 
Tree cover, flooded, saline water Wetland 
Shrub or herbaceous cover, flooded, fresh/saline/brakish water Wetland 
Urban areas Artificial 
Bare areas Bare ground 
- Consolidated bare areas Bare ground 




Water bodies Water body 
Permanent snow and ice Bare ground 
No data No data 
 
 
Table C2. Land cover change matrix for forested World Wildlife Fund (WWF) ecoregions (Chaco, Espinal, 
Yungas, Atlantic Forest) for the augmented degradation analysis implemented in this study.  
 Land cover in 2018/2019 





















 Shrubland 0 1 -1 -1 -1 -1 -1 
Forest -1 0 -1 -1 -1 -1 -1 
Grasslands 1 -1 0 -1 -1 -1 -1 
Croplands  1 1 1 0 -1 -1 -1 
Wetlands -1 -1 -1 -1 0 -1 -1 
Artificial 
areas  1 1 1 1 1 0 1 
Bare lands 1 1 1 1 1 -1 0 
 
 
Table C3. Land cover change matrix for savanna WWF ecoregions (Humid Pampas, Uruguayan Savanna, 
Mesopotamian Savanna, Paran Flooded Savanna) for the augmented degradation analysis implemented in this 
study.  
 Land cover in 2018/2019 





















 Shrubland 0 -1 1 -1 -1 -1 -1 
Forest -1 0 -1 -1 -1 -1 -1 
Grasslands -1 -1 0 -1 -1 -1 -1 
Croplands  1 1 1 0 -1 -1 -1 
Wetlands -1 -1 -1 -1 0 -1 -1 
Artificial 
areas  1 1 1 1 1 0 1 









Table C4. Land cover change matrix for arid WWF ecoregions (Patagonia and Low Monte) for the augmented 
degradation analysis implemented in this study.  
  Land cover in 2018/2019 





















 Shrubland 0 1 -1 -1 -1 -1 -1 
Forest -1 0 -1 -1 -1 -1 -1 
Grasslands -1 -1 0 -1 -1 -1 -1 
Croplands  1 1 1 0 -1 -1 -1 
Wetlands -1 -1 -1 -1 0 -1 -1 
Artificial 
areas  1 1 1 1 1 0 1 
Bare lands 1 1 1 1 1 -1 0 
 
Table C5. Land cover change matrix for forested WWF ecoregions (Chaco, Espinal, Yungas, Atlantic Forest) 
for Trends Earth degradation analysis.  
 Land cover in 2018/2019 


















Forest 0 -1 -1 -1 -1 -1 
Grasslands -1 0 -1 -1 -1 -1 
Croplands  1 1 0 -1 -1 -1 
Wetlands -1 -1 -1 0 -1 -1 
Artificial 
areas  1 1 1 1 0 1 
Bare lands 1 1 1 1 -1 0 
 
Table C6. Land cover change matrix for savanna WWF ecoregions (Humid Pampas, Uruguayan Savanna, 
Mesopotamian Savanna, Paran Flooded Savanna) for Trends Earth degradation analysis. 
 Land cover in 2018/2019 
   Forest  Grasslands Croplands Wetlands 
Artificial 


















Forest 0 -1 -1 -1 -1 -1 
Grasslands -1 0 -1 -1 -1 -1 
Croplands  1 1 0 -1 -1 -1 
Wetlands -1 -1 -1 0 -1 -1 
Artificial areas  1 1 1 1 0 1 







Table C7. Land cover change matrix for arid WWF ecoregions (Patagonia and Low Monte) for Trends Earth 
degradation analysis. 
  Land cover in 2018/2019 


















Forest 0 -1 -1 -1 -1 -1 
Grasslands -1 0 -1 -1 -1 -1 
Croplands  1 1 0 -1 -1 -1 
Wetlands -1 -1 -1 0 -1 -1 
Artificial areas  1 1 1 1 0 1 
Bare lands 1 1 1 1 -1 0 
 
 
Table C8. Fractional cover change matrix for forested WWF ecoregions (Chaco, Espinal, Yungas, Atlantic 
Forest) for the augmented degradation analysis implemented in this study.  
Fractional cover  
Herbaceous Woody  Barren  Combined 
+ + - Improving 
+ - - Declining 
+ - + Declining 
+ - Stable Declining 
+ Stable - Improving 
- + + Declining 
- - + Declining 
- + - Improving 
- + Stable Improving 
- Stable + Declining 
Stable + - Improving 
Stable - + Declining 











Table C9. Fractional cover change matrix for savanna WWF ecoregions (Humid Pampas, Uruguayan Savanna, 
Mesopotamian Savanna, Paran Flooded Savanna) for the augmented degradation analysis implemented in this 
study.  
Fractional cover  
Herbaceous Woody  Barren  Combined  
+ + - Improving 
+ - - Improving 
+ - + Declining 
+ - Stable Improving 
+ Stable - Improving 
- + + Declining 
- - + Declining 
- + - Declining 
- + Stable Declining 
- Stable + Declining 
Stable + - Declining 
Stable - + Declining 
Stable Stable  Stable  Stable 
 
Table C10. Fractional cover change matrix for arid WWF ecoregions (Patagonia, Low Monte) for the 
augmented degradation analysis implemented in this study.  
Fractional cover  
Herbaceous Woody  Barren  Combined  
+ + - Improving 
+ - - Improving 
+ - + Declining 
+ - Stable Stable 
+ Stable - Improving 
- + + Declining 
- - + Declining 
- + - Improving 
- + Stable Stable 
- Stable + Declining 
Stable + - Improving 
Stable - + Declining 







Table C11. Summary of Sustainable Development Goal 15.3.1 degradation indicator for Argentina, Uruguay, 
Paraguay, and the Southern Cone from 1999 to 2019 based on the Landscape Degradation Assessment Model 
(LDAM) at 30 m spatial resolution.  
Summary of SDG 15.3.1 Indicator  



























degraded 234204.1 8.4 23520.3 13.3 62826.3 15.7 320632.7 9.6 
Land area 
degrading 205291.0 7.4 10526.0 5.9 24940.2 6.2 241387.0 7.2 
Land area 
stable  317261.6 11.4 25584.8 14.4 41393.3 10.4 385071.4 11.5 
Land area 
improving  771864.2 27.8 54608.6 30.8 72585.1 18.2 899467.2 26.8 
Land area 
improved 555218.2 20.0 62995.6 35.5 185102.1 46.3 803672.5 23.9 

























Table C12. Summary of Sustainable Development Goal 15.3.1 degradation indicator for World Wildlife Fund 
(WWF) ecoregions in the Southern Cone from 1999 to 2019 based on the Landscape Degradation Assessment 
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Dry Chaco 174470.8 
34711.1 















































n Savanna  26865.8 
3260.5 
























































Figure C1. Trends.Earth map of Sustainable Development Goal 15.3.1 degradation indicator for the Southern 






Figure C2. Landscape Degradation Assessment Model (LDAM) Landsat-based sub-indicators: a) land cover, b) 
fractional cover, c) EVI2 trajectory, d) EVI2 state, and e) EVI2 performance. This analysis is based on data 













Figure C3. Trends.Earth sub-indicators: a) NDVI trajectory, b) NDVI state, c) NDVI performance, and d) land 
cover. This analysis is based on data from 2001 to 2019 at 250 m spatial resolution for NDVI and 300 m spatial 








Figure C4. Comparison between Trends.Earth and the Landscape the Degradation Assessment Model (LDAM) 
developed in this study. Comparison is in the percent of total area that has either been stable or has experienced 












Figure C5. Percent of total land area that was degrading between 1999 and 2019. Change is expressed per 
administrative unit (province in Argentina and department in Paraguay and Uruguay) as a percent of the total 






Figure C6. Landscape Degradation Assessment Model (LDAM) maps (left side) and Trends.Earth maps (right 
side) of the Sustainable Development Goal 15.3.1 degradation indicator for the Southern Cone of South America 
from 1999 to 2019 at 30 m and 300 m spatial resolution, respectively. Panels (a-b) show degradation in western 
part of the Argentine Dry Chaco, panels (c-d) show land degradation in the western part of the Uruguayan 
Savanna, panels (e-f) show degradation across the border from the Humid Pampas (right) to the Espinal (left), 
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